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Introduction • 11
In the past decade information on the blue-prints of several hundreds of organisms has 
been gathered; the complete genomes of small microbes as well as multicellular organisms 
like us have been sequenced. Expectations of these projects were high, but as it turned out, 
the genomes on their own were not suﬃcient to understand the inner workings of the cell. 
For well studied model organisms the lists of genes could be put in the context of previous 
knowledge, but even then we had lots of genes for which the function was unknown. And 
even if the molecular functions of all the individual encoded proteins were known, we would 
still only have a parts list and no clue how all these parts should be put together to make a 
complete organism. Nevertheless, the genome sequences played a crucial role in all genome-
wide experiments that followed to obtain knowledge on how the parts lists should be put 
together and to bridge the gap between genotype and phenotype. To gain more insight into 
the working of the whole cell, biologists started to collect functional genomics data, like 
mRNA expression levels of all the genes in a time series. In the ﬁrst genome-scale mRNA 
measurements (1998) Spellman and co-workers found that yeast genes that showed similar 
expression proﬁles throughout the cell-cycle were  often involved in the same processes. A 
second technique that can be applied at a genomic scale is yeast-2-hybrid, which is an assay 
of physical protein-protein interactions (Ito et al., 2001; Uetz et al., 2000). Physical pro-
tein-protein interactions are important for the cell, for example, in signaling pathways that 
transfer signals from the outside of the cell to adapt levels of transcription. Physical interac-
tions also exist between proteins that are part of larger complexes, Tandem Aﬃnity Puriﬁ-
cation followed by mass-spectrometry has been applied to discover the composition of all 
protein complexes in yeast (Gavin et al., 2006; Krogan et al., 2006).
Besides functional genomics experiments, methods have been developed to predict 
interactions between proteins in prokaryotes from the genome sequences alone. A very pow-
erful method turned out to be conserved gene neighborhood (Dandekar et al., 1998; Over-
beek et al., 1999); as prokaryotic genes are organized in polycistronic transcriptional units 
(the operons) the occurrence of genes together in operons in multiple organisms implies a 
functional link between these genes. In this thesis, I will extend this concept to eukaryotes 
by applying evolutionary conservation of interactions derived from functional genomics 
data within and between organisms. We use these interactions to predict new functions for 
unknown genes and to predict regulatory elements that potentially regulate these genes. 
Furthermore, using intelligent data integration, we are able to specify the type of interac-
tion that is predicted. In this introduction, I will explain the methods that have been used 
in comparative genomics as well as some of the techniques that have been developed in the 
ﬁeld of functional genomics. I will conclude with a short summary of the chapters.
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Genomics
In July 1995 the ﬁrst genome sequence of a free living organism was published (Fleis-
chmann et al., 1995); the genome of Haemophilus inﬂuenzae contained 1709 genes. The ﬁrst 
eukaryotic genome, with about 6000 genes, was that of Saccharomyces cerevisiae, which was 
published in 1996 (Goﬀeau et al., 1996). More and more genomes became available and a 
draft of the human genome sequence was ﬁnished in 2001 (Lander et al., 2001; Venter et 
al., 2001). After the sequencing of a genome, the ﬁrst task is to identify the genes. The most 
straightforward way is to ﬁnd sequence conservation on the DNA level, which can point to 
protein coding regions. Sequence similarity is the operationalization of homology: the rela-
tion of genes by common descent. Homology between predicted potential proteins is often 
used to identify the protein coding genes. The alternative is de novo gene prediction, which 
takes into account intrinsic DNA statistics and speciﬁc signals in the DNA sequence. After 
gene identiﬁcation, the next step is to determine the function of all the predicted genes. 
Gene function has several aspects, one aspect is the molecular function, like the speciﬁc 
reaction a protein catalyzes or whether it binds to other proteins. If the encoded protein has 
high sequence similarity with an experimentally characterized protein, it likely performs 
the same molecular function and may have the same substrate speciﬁcity. If the sequence 
similarity is lower but the proteins are still homologous, it is expected that they perform 
a similar molecular function, e.g. the same type of reaction is catalyzed but on a diﬀerent 
substrate. Homology has been of signiﬁcant importance for the determination of gene func-
tions, however for many genes there are no homologs with known functions available and 
diﬀerent methods have to be developed to discover their functions.
Orthology
Homology of proteins can point to similar functions. Orthology is a subtype of homology 
and is the evolutionary notion that two genes descend from the same gene in their last 
common ancestor (Fitch, 1970). It is  assumed that genes that are orthologous to each other 
carry out the same functions. Therefore, orthology is used to transfer the gene annotation 
from organisms where a gene function is determined experimentally to organisms where the 
gene function is not known. Moreover, if we want to compare genes between species, it is 
necessary to deﬁne the corresponding genes (orthologs) between the diﬀerent species.
The bidirectional best hit method
Homology searches like BLAST (Altschul et al., 1990) and Smith-Waterman (Smith and Wa-
terman, 1981) will identify which genes are homologous to each other. The gene in the other 
organism that is most similar to the query gene is called the Best Hit. Bidirectional Best Hits 
are found by homology searches carried out in both directions. The Bidirectional Best Hit 
method assumes that the genes that are most similar to each other in both directions are 
orthologs. In principal, this method provides a list of candidate orthology relations.
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Phylogeny based orthology
Although the BBH method provides a ﬁrst estimate of orthologous relations, the evolution-
ary concept of orthology is best approached by phylogenetic inference. Homologs in several 
completely sequenced genomes are found and after that multiple alignments are made with 
a multiple alignment program like ClustalW (Thompson et al., 1994). By inferring a phyloge-
netic tree with a phylogenetic inference method like neighbor joining, orthologous relations 
can be assigned to genes that according to the tree are the same gene in the last common 
ancestor. Although this is computationally intensive, we applied this method to identify 
orthologs between the yeast S. cerevisiae and the worm C. elegans in chapter 2.
Inparalogs
One process that hampers orthology detection is gene duplication. Gene duplications are 
ubiquitous in eukaryotes. Therefore, an extension to the BBH method includes recent dupli-
cations. The INPARANOID (O’Brien et al., 2005) program assigns orthologous relations to 
bidirectional best hits and the paralogs that are more similar to the query gene than to the 
gene in the other organism. The BBH method with inparalogs can be extended to multiple 
species by taking triangles of Bidirectional Best Hits including inparalogs and connecting all 
triangles that share one side (or one BBH). This is implemented in the COG procedure (Ta-
tusov et al., 2001). The COGs are Clusters of Orthologous groups and are manually curated 
after automated identiﬁcation. In chapter 4, results of conserved interactions are compared 
between BBH orthology and COG orthology.
Comparative genome analysis
In order to predict the functions of all the genes encoded in a genome, comparative genome 
analysis has exploited the genomes themselves to predict functional links between genes. 
A functional link means that the involved genes are acting in the same biological pathway 
or process or are part of the same protein complex. Functional links can be used to predict 
functions for previously unknown genes.
Co-occurrence
The most general indication for a functional link between two genes is the co-presence and 
co-absence over a large number of genomes (Huynen and Bork, 1998; Pellegrini et al., 1999). 
Statistical signiﬁcance can be scored by mutual information of the two phylogenetic proﬁles 
(Huynen et al., 2000). Adjustments to the original deﬁnition have been made to include phy-
logenetic information, e.g. clades of species are taken as one species if they all have the same 
presence-absence pattern of a pair of genes (von Mering et al., 2003). The co-occurrence of 
the gene encoding frataxin with several genes with known functions was used to predict the 
involvement of frataxin in iron-sulfur cluster assembly (Huynen et al., 2001). This predic-
tion was later veriﬁed by experiments.
Gene-neighborhood
About ﬁfty percent of prokaryotic genes are organized in polycistronic transcriptional units, 
meaning that several genes are transcribed from the DNA in a row on one unit of mRNA. 
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The cell can use these operons to transcribe genes that are involved in the same biological 
pathway or protein complex at the same time. Due to extensive shuﬄing, genes that are 
neighbors in one genome are usually not neighbors on another, distantly related genome 
(Mushegian and Koonin, 1996). If genes occur together in operons in more than one ge-
nome, apparently there is a selection pressure to co-transcribe these genes. This gene neigh-
borhood conservation is very useful to predict functional links between genes (Dandekar 
et al., 1998; Overbeek et al., 1999) and the complete network of these links has been used 
to identify functional modules (Snel et al., 2002), i.e. groups of genes that act in the same 
pathway or are part of the same complex. The gene-neighborhood concept can only be used 
in prokaryotes due to the absence of operons in eukaryotes.
Gene fusion
The third type of genomic context is the occurrence of genes as separate entities, and, in 
another genome, as a single fused gene (Enright et al., 1999; Marcotte et al., 1999). Gene 
fusion is the event that two protein coding genes become one gene and code for one poly-
peptide. This is a strong signal that the gene products are physically interacting in the organ-
isms where they have not been fused. Unfortunately, gene fusions do not occur very often 
and therefore they are quantitatively not so powerful as a tool to identify functional links 
(Huynen et al., 2000).
Functional genomics
When the complete genome of an organism is known it can be used to elucidate protein 
functions by performing functional assays for all genes at the same time. We call this func-
tional genomics (Fields et al., 1999). Whereas in the pre-genome era biologists were often 
focusing on one gene or one system, with functional genomics it is possible to get an unbi-
ased and comprehensive, albeit one-sided, view of biological processes.
mRNA chips
One aspect of gene function is gene expression, which can be measured by an mRNA chip 
or microarray. Such a chip is actually a glass slide with speciﬁc short single-stranded DNA 
strings printed on it (Schena et al., 1995). Once a genome has been sequenced, it is possible 
to make a tiling array, which is a genome chip where every part of the genome sequence is 
represented by such a short DNA string. A genome chip can be used to measure the tran-
scription levels of all the genes encoded by a genome at once. First, the mRNA is ﬂuores-
cently labeled. As mRNA is also single stranded it will hybridize to the corresponding DNA 
string on the chip. After washing away all the unbound mRNA, the ﬂuorescence is measured 
for each position on the chip. The corresponding position on the genome is known and the 
mRNA levels of all the genes are now also known. If a speciﬁc condition like stress is applied 
to a cell, the mRNA levels of the genes that are involved in adaptation to stress are expected 
to change. By measuring the mRNA levels of the genes before and after stress-induction, the 
stress-responsive genes can be identiﬁed (Richmond et al., 1999). Hughes and co-workers 
have measured levels of mRNA with genome chips after deleting single or multiple genes 
in yeast (Hughes et al., 2000). In this assay there were no conditions (like stress) to which 
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genes respond that could be used to predict gene functions. However, it is possible to iden-
tify groups of genes that respond in the same way to all deletions. If one gene in the group 
has a known function and is involved in a speciﬁc process, it is expected that other genes of 
the group are involved in the same biological process. Unfortunately, this method is not very 
reliable for functional annotation. In chapter 2 we will show that, similar to what was shown 
earlier for the conservation of co-expression by means of operons in prokaryotes, evolution-
ary conservation of co-expression in eukaryotes can be used for the prediction of reliable 
functional links. Large-scale mRNA expression measurements were also done in the malaria 
causing parasite Plasmodium falciparum, speciﬁcally in the intra-erythrocyte life stages. In 
chapter 4 we will use these data to predict new functions for hypothetical Plasmodium genes 
and in chapter 5 we will use the co-expression to predict regulatory elements in upstream 
regions of Plasmodium genes.
ChIP-on-chip
Another way to address gene regulation, that actually also relies on genome chips, is to de-
termine the location of DNA binding proteins on the genome. The ChIP-on-chip procedure 
starts by cross-linking all proteins that bind to the DNA (Figure 1.1). The DNA is then frag-
mented by sonication, and an antibody is used to Immuno Precipitate all the copies of the 
protein of interest. The cross-linked DNA will precipitate with the proteins, hence the name 
Chromatin Immuno Precipitation (ChIP). The proteins are released from the DNA and the 
DNA fragments are ﬂuorescently labeled and hybridized to the genome chip (ChIP-on-chip). 
The ﬂuorescence is measured and locations of protein binding can be mapped to the genome. 
Lee and co-workers (2002) have analyzed more than a hundred transcription factors in yeast 
to ﬁnd their binding locations. They have shown that the genes neighboring the binding 
sites are often regulated by these transcription factors.
Cross-linking and sonication
Immuno-precipitation
Fluorescent labeling
Hybridization on a DNA chip
Figure 1.1 | ChIP-on-chip stands for Chromatin Immuno Precipitation followed by a chip experiment. First the proteins are 
cross-linked to the DNA and the DNA is fragmented into smaller pieces by sonication. With a speciﬁc antibody the proteins and the 
DNA that is bound to them are Immuno Precipitated. The precipitated DNA is ﬂuorescently labeled (left) in a diﬀerent color than a 
sample of whole genome DNA (right). Binding locations of proteins are found by identifying spots where the ratio of ﬂuorescence of 
the immuno-precipitated DNA to the ﬂuorescence of whole genome DNA is larger than one.
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Synthetic lethality
To predict functional links, synthetic lethality of pairs of genes can also be used (Kelley and 
Ideker, 2005). Most deletions of genes are not lethal to an organism, but induce a phenotype 
where the cell is more sensitive to speciﬁc conditions. It can also be that two gene deletions 
are on their own not lethal, but if they are combined the organism dies. This feature is called 
synthetic lethality. One can imagine that if two genes are part of complementary pathways, 
deleting both genes will cause the organism to die. A number of large-scale studies have been 
done, that unfortunately do not encompass all pairs of gene deletions. By identifying genes 
that share synthetic lethal partner genes, we can ﬁnd pairs of genes that are part of the same 
pathway, or actually, as we will show in chapter 7, are part of the same protein complex. 
Proteomics
More direct assays of protein function are performed by proteomics techniques. Proteomics 
is the large-scale study of proteins, particularly their structures and functions (Anderson 
and Anderson, 1998). This term was coined to make an analogy with genomics, and while 
it is often viewed as the “next step”, proteomics is much more complicated than genomics. 
Most importantly, while the genome is constant within one organism, the proteome diﬀers 
from cell to cell and is constantly changing. Most high-throughput proteomic techniques are 
based on mass spectrometry. The levels of protein expression can be measured by the num-
ber of peptides identiﬁed that uniquely belong to that protein. We can treat these expression 
levels in a similar way as mRNA expression data. As we will show in chapter 4, co-expression 
on the protein level can also be used to predict functional links between proteins.
s
s
GAL4
BD AD BD AD
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BD Prey
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Reporter gene
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BD
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AD
Figure 1.2 | The yeast-2-hybrid system. The transcription factor GAL4 consists of a binding domain (BD) and an activation 
domain (AD) that can be split. The domains are fused to the bait and prey proteins respectively. If the bait and prey proteins do not 
bind, the reporter gene stays inactive (left). If the bait and prey protein bind to each other, the reporter gene is transcribed (right). 
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Yeast-2-hybrid
The interactions between proteins are important for many biological functions. For example, 
signals from the exterior of a cell are mediated to the inside of that cell by protein-protein 
interactions of the signaling molecules. Two-hybrid screening is a technique used to dis-
cover protein-protein interactions by testing for physical interactions between two proteins 
(Fields and Song, 1989). One protein is termed the bait and the other is the prey. The con-
cept behind the test is the activation of a reporter gene by the binding of a transcription fac-
tor (GAL4) onto the reporter promoter (Figure 1.2). A transcription factor is split into two 
separate domains; the Binding Domain binds to the promoter and the Activating Domain 
activates transcription. Even though the transcription factor is split into two fragments, 
it can still activate transcription when the two fragments are indirectly connected. Bait 
proteins are fused with the Binding Domain, whereas preys are fused with the Activation 
Domain. If the bait and prey proteins interact, the two domains of the transcription factor 
are indirectly connected and transcription of the reporter gene occurs. Two large-scale yeast-
2-hybrid screens have been performed covering almost all yeast proteins (Ito et al., 2001; 
Uetz et al., 2000) and one screen for the fruit ﬂy (Giot et al., 2003). Screens of proteins from 
other organisms are on their way.
Tandem Aﬃnity puriﬁcation
Proteins that interact in a yeast-2-hybrid assay may in “real life” never be at the same time 
at the same place in the cell and may therefore never truly interact. Unlike yeast-2-hybrid, 
aﬃnity puriﬁcation methods are well suited for studying complexes under near-physiologi-
cal conditions. They allow proteins that are fused with a tagged bait to be immuno precipi-
tated with the bait. The proteins that bind to the tagged protein are also retrieved and can be 
identiﬁed by mass spectrometry. These methods have been applied as large-scale screens in 
prokaryotic and eukaryotic cells. Recently, two groups have published genome-wide screens 
for protein complexes in yeast (Gavin et al., 2006; Krogan et al., 2006).
This thesis
This thesis presents a number of bioinformatic analyses that cover comparisons between dif-
ferent types of data obtained by functional genomics and proteomics techniques (Figure 1.3) 
with the aim of both predicting (speciﬁc) functional links between genes and studying their 
evolution as well as ﬁnding regulatory elements in non-coding DNA.
Chapter 2 describes the conservation of co-expression after gene duplication and 
speciation. Based on the notion of conserved operons in prokaryotes, we hypothesize that 
conservation of co-expression in eukaryotes will point to gene pairs that are functionally 
linked. First, we show that there is a small but signiﬁcant amount of co-expression conserva-
tion after parallel gene duplication and speciation. The apparent lack of conservation seems 
to depend both on spurious co-expression and on rapidly evolving, regulatory interactions. 
Secondly, we show that in case of conservation of co-expression, the gene pairs tend to be 
involved in a similar biological process. We describe two case stories where a function could 
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Figure 1.3 | Prediction of functional links by comparative genomics. After the sequencing of a genome, a list of genes is 
available to which functions have to be assigned. Comparative genomics has proven to be able to predict functional links between 
genes and has allowed the prediction of functions for hypothetical genes that are linked to genes with previously identiﬁ ed func-
tions. Whole genome sequences have also provided the opportunity for comprehensive biological experiments, i.e. measurements 
for all genes at once. Functional genomics has provided us with huge amounts of data that in principle can be used to ﬁ nd functions 
for unknown genes. However, the data is notoriously noisy and the gain of biological insight is not straightforward. In this thesis 
horizontal comparative genomics (conservation between species) and vertical comparative genomics (overlap between diﬀ erent 
types of data) methods are developed to reduce noise in functional links derived from functional genomics and proteomics data. A 
method is developed for regulatory element detection based on groups of genes with reliable functional links. Furthermore, we use 
diﬀ erential genomics to predict the type of functional link that exists between genes.
Whole genome sequences:
 - Lists of genes
 - Gene functions?
Comparative genome analysis:
 - Gene cooccurrence
 - Gene neighborhood conservation
 - Gene fusions
Prediction of (specific) functional links
Regulatory element detection
Molecular evolution
Functional genomics and proteomics
                   Data:
 - mRNA expression
 - Transcription factor binding locations
 - Synthetic lethality
 - Protein expression
 - Protein-protein interactions
                   Questions:
   - Noise reduction
   - Gene functions?
   - Data integration?
   - Biological insight?
Comparative genomics:
 - Horizontal comparative genomics
    (Conservation between species)
 - Vertical comparative genomics
   (Overlap between data sources)
 - Differential genomics
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Prediction of functional links by comparative genomics
Introduction • 19
be predicted to a previously unknown gene, using the conserved co-expression.
Chapter 3 presents the network of gene co-expression in yeast. Genes are presented as 
nodes of a network connected if they are co-expressed. The network statistics show that this 
is a scale-free, small-world network. The small-world phenomenon means that if two nodes 
are connected two a third node, the likelihood that they are connected to each other is high. 
Furthermore, despite the high level of clustering the number of nodes one needs to cross 
to get from any node to any other node in the network is very small. Scale-freeness means 
that the number of connections per node follows a power-law distribution. By simulating 
an evolving genome with gene duplications and mutations and duplications of regulatory 
elements we show that such a network topology can be obtained without the inﬂuence of 
selection on its large-scale properties. This implies that the global network topology can be 
explained without invoking selection.
In chapter 4 we describe several methods to combine functional genomics data to 
obtain reliable predictions of gene functions. If a yeast-2-hybrid interaction is not only ob-
served in one screen but in two independent screens it turns out to be much more reliable. 
The same holds if the screens were performed in two distantly related species, yeast and ﬂy. 
It even turns out that the overlap of interactions between two screens within yeast is not 
much higher than the overlap of interactions between two species. This leads us to propose 
that physical interactions are highly conserved in evolution. We also show that if not only 
one but three diﬀerent functional genomics data sets suggest an interaction between two 
proteins in P. falciparum, the likelihood that this truly is an interaction is much higher than 
if the interaction is predicted by only one of the genomics data sets.
In chapter 5, we cluster P. falciparum genes according to similarity in mRNA expres-
sion in two functional genomics screens. We use the upstream regions of these gene clusters 
together with the upstream regions of their orthologs in P. yoelii to ﬁnd regulatory elements 
in the genome of P. falciparum. We show that some of these elements are indeed correlated 
with certain expression patterns. Moreover, it appears that most genes of P. falciparum con-
tain more regulatory elements in their upstream region than a eukaryote with a comparable 
number of genes like yeast. In conjunction with the paucity of transcriptional regulators in 
P. falciparum we propose that this organism uses few regulators in a combinatorial fashion, 
to obtain diﬀerential expression patterns..
Predictions of functional interactions from genomics data are usually very general. 
They do not predict the type of interaction two proteins might have. In chapter 6 we develop 
a method to distinguish metabolic from physical interactions. First, we show that diﬀer-
ent functional genomics methods can be indicative of diﬀerent types of interactions. Smart 
combinations of data types can lead to extraction of only metabolic interactions.
Chapter 7 provides a summarizing and synthesizing discussion of the chapters present-
ed in this thesis. Some new developments and future perspectives are discussed.
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Predicting gene function by conserved 
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Abstract
We show that gene co-expression, which generally provides only a very weak signal for the 
prediction of functional interactions, can provide a reliable signal by exploiting evolutionary 
conservation. The encoded proteins of conserved co-expressed gene pairs are highly likely 
to be part of the same pathway not only after speciation (98%), but also after parallel gene 
duplication (97%). Conserved co-expression combined with homology data enables us to 
predict speciﬁc gene functions. The use of conservation between parallel duplicated gene 
pairs to predict function is especially promising given that gene duplication is common in 
eukaryotes, and that data from only a single organism can be used.
Introduction
One of the major goals of the post-genomic era is the elucidation of gene function. Correla-
tions between expression patterns (Eisen et al., 1998) from hundreds of experiments for 
both Saccharomyces cerevisiae (Hughes et al., 2000) and Caenorhabditis elegans (Kim et al., 
2001) can predict only general functional interactions (Noordewier and Warren, 2001; Wu et 
al., 2002). As the evolutionary conservation of weak signals (like gene order), has been used 
successfully to predict gene function (Huynen et al., 2000; Overbeek et al., 1999), here we 
examine whether the conservation of co-expression can be used to improve function predic-
tion. We use conservation between pairs of orthologs in two species, as well as conservation 
of co-expression between parallel duplicated gene pairs in one species to predict functional 
interactions. We combine these predicted interactions with homology data to predict spe-
ciﬁc functions for uncharacterized genes. 
Co-expression provides a weak signal for pathway prediction
Two large-scale expression datasets were obtained, one from S. cerevisiae (Hughes et al., 
2000) and one from C. elegans (Kim et al., 2001). Uncentered correlation (Eisen et al., 1998) 
was calculated between the expression proﬁles of all S. cerevisiae genes and between the 
expression proﬁles of all C. elegans genes. The higher the correlation (r) between two genes, 
the more probable it is that they act in the same pathway (Fig. 2.1). However, at a signiﬁcant 
correlation threshold of 0.6 (P<0.005, Table 2.1) , the fraction of annotated proteins that are 
part of the same pathway is only 54% in S. cerevisiae and 34% in C. elegans.
Signiﬁcant levels of evolutionary conservation of co-expression
To evaluate whether evolutionary conservation (Fig. 2.2) can improve upon these limits in 
the use of co-expression for function prediction, we ﬁrst established whether there is sig-
Predicting gene function by conserved 
co-expression
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Table 2.1 | Signiﬁcant levels of co-expression conservation after gene duplication or speciation
Total pairsa Nr of pairs > 0.6b Observed > 0.6c Expected > 0.6d Observed/expected
Gene pairs with an orthologous gene-pair > 0.6
C. elegans 18161 803 0.0442* 0.00379 12
S. cerevisiae 36548 1215 0.0332* 0.00216 15
Gene pairs with a paralogous gene-pair > 0.6
C. elegans 207214 29031 0.1401* 0.00379 37
S. cerevisiae 38253 2167 0.0566* 0.00216 26
Gene pairs with a diverged paralogous gene-pair > 0.6
C. elegans 125852 1299 0.0103* 0.00379 3
S. cerevisiae 26941 174 0.0065* 0.00216 3
a The number of gene pairs, regardless of their co-expression, with a co-expressed, orthologous gene pair in the other species or a co-
expressed paralogous gene pair in the same species.
b The number of co-expressed gene pairs with a co-expressed, orthologous gene pair in the other species or a co-expressed paralogous 
gene pair in the same species.
c Observed fraction of conserved co-expressed pairs. Asterisk shows P < 0.001, determined by 1000 Monte Carlo simulations; that is, such 
high levels of conservation were not observed when randomly distributing the correlations over the gene pairs 1000 times.
d Expected fraction assuming no conservation of co-expression, determined by the total fraction of co-expressed gene pairs from the 
total number of gene pairs in that species. 
niﬁcant conservation, potentially reﬂecting selection pressure on maintaining functional 
interactions. To determine conservation between S. cerevisiae and C. elegans, we ﬁrst need 
to deﬁne which genes are orthologs of each other, which we do based on phylogenetic trees 
allowing for multi to multi orthology relations (Fig. 2.3). We found 18161 C. elegans gene 
pairs that have an orthologous pair in S. cerevisiae with a co-expression correlation higher 
than 0.6. Of these, 803 also have a correlation higher than 0.6 in C. elegans itself (Table 2.1). 
Deﬁned this way, 4.4% of the co-expression is conserved, which is 12 times higher than ex-
pected assuming no conservation of gene co-expression. Vice versa, of the S. cerevisiae gene 
pairs that have an orthologous pair in C. elegans with a correlation higher than 0.6, 1215 
also have a correlation higher than 0.6 in S. cerevisiae itself, which is 15 times higher than 
expected (Table 2.1).
Although signiﬁcant (P<0.001, determined by 1000 Monte Carlo simulations), the 
observed level of conservation of co-expression between S. cerevisiae and C. elegans is quite 
low (Table 2.1) as already reported (Teichmann and Babu, 2002). However, given that at 
correlations higher than 0.6 in a single species there are still many false positive predictions, 
this apparent lack of conservation might be due to spuriously detected co-expressed genes. 
Consistent with this, genes with a high co-expression correlation in C. elegans (R>0.9), which 
we expect to be truly co-regulated, are often co-expressed in S. cerevisiae (55%, R>0.6). 
Interestingly, a considerable fraction (50%) of the gene pairs that have co-expression cor-
relation higher than 0.9, but are not conserved (R<0 in the other species), encode regulatory 
proteins. They include a TATA-binding protein (T20B12.2) that is co-expressed in C. elegans 
with a ring-type zinc-ﬁnger protein (EEED8.9), and in S. cerevisiae an RNA-binding protein 
(YOR319W) with a protein containing a BAF60b domain (YOR295W) that facilitates the 
function of transcriptional activators. The lack of conservation appears therefore to depend 
both on spurious co-expression and on rapidly evolving, regulatory interactions. 
Next we determined conservation of co-expression between gene pairs within a species 
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after parallel gene duplication (Fig. 2.2). The number of such pairs is actually higher than 
the number of pairs with co-expression conserved between species: 29031 in C. elegans and 
2167 in S. cerevisiae (respectively 37 and 26 times higher than expected; P<0.001). Con-
servation of co-expression within duplicated gene pairs coupled to divergence between the 
pairs, was studied by selecting the pairs A–B and A’–B’ where the correlations between A and 
B, and between A’ and B’ are both higher than between A and A’, and between B and B’. This 
conservation is lower than without divergence, but still higher than expected (Table 2.1). 
Thus, even after diﬀerentiation in expression pattern, there is signiﬁcant conservation of 
co-expression.
Figure 2.1 | Accuracy and coverage of functional interaction prediction. Accuracy (bottom) and coverage (top) at varying 
correlation thresholds for detection of co-expression. The accuracy is obtained by the number of predicted pairs that are on the 
same map in the PATHWAY database of KEGG (release 23) [23] (true positives) divided by the total number of predicted pairs (true 
positives plus false positives). The coverage is obtained by dividing the true positives by the total number of gene pairs that can 
be found on the same map in the PATHWAY database (true positives plus false negatives). Left, co-expressed gene pairs in Saccha-
romyces cerevisiae. Right, co-expressed gene pairs in Caenorhabditis elegans. Dotted lines, all gene pairs with expression correla-
tion above the threshold; grey dashed lines, gene pairs with expression correlation above the threshold and a pair of paralogs in 
the same species; grey dot-dashed lines, gene pairs with expression correlation above the threshold and a pair of orthologs in the 
other species; black dot-dashed lines, co-expressed gene pairs with expression correlation above the threshold and orthologs with 
an expression correlation above the threshold; black dashed lines, co-expressed gene pairs with expression correlation above the 
threshold and paralogs with an expression correlation above the threshold. The increased accuracy of conserved co-expression is 
partly due to the requirement that both genes to have an ortholog in the other species or a paralog in the same species: the accura-
cies for gene pairs with orthologs or paralogs are slightly higher than the accuracies for all co-expressed gene pairs, although they 
fall well below the accuracies attained for conserved co-expressed gene pairs. 
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Conserved co-expression improves accuracy of pathway prediction
Does the conservation of co-expression after gene duplication or speciation increase the 
likelihood of a functional relationship between co-expressed genes? Conservation after du-
plication in S. cerevisiae does indeed increase the accuracy levels for prediction of functional 
interactions, albeit at the expense of coverage of known interactions (Fig. 2.1). The results 
for C. elegans are similar, but there are not enough genes annotated in the PATHWAY data-
base to establish the accuracy for conserved co-expression above 0.6. Higher accuracy is also 
achieved for the genes that are co-expressed in both species (Fig. 2.1). A similar result was 
described by Teichmann and co-workers (Teichmann and Babu, 2002), who found that 89% 
of the conserved co-expressed pairs between S. cerevisiae and C. elegans for which functional 
annotation was available were part of the same protein complex. However, in this analysis 
co-expression was deﬁned in such a strict way that 93% of the conserved pairs already had a 
functional annotation and hardly any new predictions could be made. Note that our orthol-
ogy prediction based on phylogenetic trees, instead of the Bidirectional Best Hit (Overbeek 
et al., 1999) method, allows ~50% more predictions to be made at a correlation higher than 
0.6: instead of 799 there are 1215 predicted interactions in S. cerevisiae, and instead of 607 
there are 803 predicted interactions in C. elegans. 
Predicted interactions of S. cerevisiae genes were veriﬁed not only by the PATHWAY 
database, but also by using gene ontology (GO) annotations (Ashburner et al., 2000; Dwight 
et al., 2002). When involvement in the same biological process is deﬁned as a common GO 
process category at the fourth level of speciﬁcation, the accuracy achieved at a correlation 
threshold of 0.6 is 93% using orthologous conservation and 82% using paralogous conserva-
tion, compared with only 31% for all co-expressed pairs. There are insuﬃcient reliable GO 
annotations on C. elegans genes (most are inferred by electronic annotation) to conﬁrm their 
predicted interactions using GO. 
Conserved co-expressed gene pairs for which only one of the genes is assigned to a 
pathway form a pool of genes to which we can now assign a pathway. From interspecies or 
intraspecies conservation, we predict a pathway for 55 and 95 S. cerevisiae genes, and for 54 
and 596 C. elegans genes, respectively. For the vast majority of genes found by paralogous 
conservation (282 in S. cerevisiae, 2216 in C. elegans) and by orthologous conservation (91 in 
S. cerevisiae, 143 in C. elegans), neither gene in the pair is present in the PATHWAY database.
Figure 2.2 | Conservation of co-expression 
after gene duplication or speciation. Gene A’ and B’ in 
Caenorhabditis elegans are orthologs of gene A and B in 
Saccharomyces cerevisiae. Gene A’ and B’ in S. cerevisiae are 
paralogs of gene A and B in S. cerevisiae. Co-expression is 
deﬁned by a correlation in the expression proﬁle higher 
than 0.6, indicated by the arrow. We deﬁne a gene pair A-B 
to be a duplicated pair with conserved co-expression when 
the genes are co-expressed and their closest relatives (low-
est, signiﬁcant E-value in Smith–Waterman searches) A’ 
and B’ are also co-expressed. Orthologous conservation is 
the conservation of co-expression between A–B and A’–B’ 
between two species. 
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Figure 2.3 | Orthology prediction using an unrooted phylogenetic tree. Large-scale orthology prediction is generally 
done by the Best Bi-directional Hit approach or extensions thereof like COGs (Tatusov et al., 2001). As orthology is an evolutionary 
relation we determine it using phylogenetic trees. Our method includes also inparalogs and is conceptually similar to INPARANOID 
(Remm et al., 2001). All predicted protein-coding genes were obtained for both Saccharomyces cerevisiae (Goﬀeau et al., 1996) 
and Caenorhabditis elegans (1998), as well as predicted genes of other complete genomes (to improve the quality of calculated 
phylogenies). Each S. cerevisiae gene is considered in turn to ﬁnd orthologs in C. elegans. First we ﬁnd homologies between all 
predicted genes and the gene under consideration by Smith–Waterman searches(Pearson, 1998; Smith and Waterman, 1981). We 
include all genes with an E-value smaller than 0.01 and of which the region of homology is larger than the 50% of the length of the 
query. Groups of more than 250 proteins are reduced in size by applying a lower E-value cutoﬀ. A multiple alignment is made with 
ClustalW (Thompson et al., 1994) from the protein sequences of the gene and its homologs and a Neighbor-Joining (Saitou and Nei, 
1987) tree is calculated. For every query gene, we ﬁrst select the largest branch containing the query gene and possible paralogs in 
S. cerevisiae, but no C. elegans genes. And after that the smallest branch that contains this branch as well as C. elegans genes, but no 
extra S. cerevisiae genes is selected. Orthology is assigned between all S. cerevisiae–C. elegans pairs in this branch. This results in the 
assignment of orthologous relations to the genes in the dark grey circles, indicated with A, and to the genes in the light grey circle, 
indicated with B. The boxed C. elegans gene has no orthologs in S. cerevisiae. 
New predictions from old data
Co-expression conserved between S. cerevisiae and C. elegans of the hypothetical gene CAT5 
(YOR125C, ZC395.2) and COQ2 (YNR041C, F57B9.4) conﬁrms earlier predictions based 
on knock-out experiments (Marbois and Clarke, 1996) and homology relations (Rea, 2001) 
that CAT5 is 2-polyprenyl-3-methyl-6-methoxy-1,4-benzoquinone mono-oxygenase, which 
is involved in ubiquinone synthesis, as COQ2 encodes para-hydroxybenzoate: polyprenyl 
transferase, which is also involved in ubiquinone synthesis.
A prediction based on conservation of co-expression after duplication concerns the 
link between YBR052C and YDR074W. The gene YBR052C probably catalyzes a redox reac-
tion, because it belongs to the WrbA family, which is homologous to ﬂavodoxins. The gene 
YDR074W encodes trehalose-6-phosphatase (De Virgilio et al., 1993), which is involved in 
starch and sucrose metabolism. For one redox enzyme in this pathway, glucoside 3-dehy-
drogenase, no gene has been described yet. This enzyme binds the co-factor ﬂavin mono-
nucleotide (FMN) (Hayano and Fukui, 1967) and has a molecular mass of 85 kDa (van 
Beeumen and de Ley, 1975) in Agrobacterium tumefaciens, where an ortholog of YBR052C 
is also present. The Escherichia coli ortholog, WrbA, forms multimers and also binds FMN 
(Grandori et al., 1998). The amino acid sequence of WrbA indicates a molecular mass of 22 
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kDa, implying a tetrameric organization consistent with the formation of multimers and the 
determined molecular mass of 85 kDa. We thus propose that YBR052C encodes the enzyme 
glucoside 3-dehydrogenase. 
A more speculative prediction is that YKL033W-A (R151.8), whose co-expression 
with the endonuclease APN1 (T05H10.2) is conserved between species, is a 3’ phosphatase 
involved in DNA repair. The gene YKL033W-A contains a frameshift in the sequence of the 
published S. cerevisiae genome, but has also been sequenced without a frameshift (Purnelle 
et al., 1994) (accession number X71622) and has full-length orthologs in all sequenced 
eukaryotes. The human ortholog, GS1, is particularly interesting as it is an X-chromosome 
gene that escapes X inactivation (Yen et al., 1992). The protein is homologous to haloacid 
dehalogenase-like hydrolases, a domain that has phosphatase activity, and is among others 
found as a 3’ phosphatase in T4 tRNA-repair enzyme, polynucleotide kinase (Galburt et al., 
2002). DNA 3’ phosphatase reactions do have a role in repairing lesions in the DNA. This 
process involves APN1, which exhibits 3’ phosphodiesterase activity (Vance and Wilson, 
2001).
Modularity in pathway evolution
Of particular evolutionary importance is our ﬁnding of a substantial number of cases where, 
although the expression pattern of A’ and B’ has changed relative to their ancestors A and B, 
the co-expression of A’ and B’ is conserved. This seemingly contradicts the ﬁnding by Wag-
ner that after duplication events, mRNA expression patterns diverge very quickly relative to 
amino acid sequence (Wagner, 2000). Yet, both results complement each other as we show 
that the co-expression is often conserved even when the expression patterns are not. How-
ever, a real contradiction with our results is apparent in a study of small molecule metabo-
lism pathways in E. coli that showed that modular recruitment occurs very rarely (Teich-
mann et al., 2001). Our observation of co-duplicated, diverged but still co-expressed genes 
suggests a substantial role for modularity in pathway evolution. 
Outlook
Correlations between expression proﬁles do not necessarily imply co-regulation, and co-
regulation does not always indicate functional interaction. Thus, it is important for function 
prediction to increase the reliability of co-expression data. Overlapping transcriptional clus-
ters from diﬀerent clustering methods have led to the prediction of functional categories for 
many genes (Wu et al., 2002). Here we show that both intraspecies and interspecies conser-
vation make expression data useful for the reliable prediction of speciﬁc functions. 
Both types of conservation diﬀer in their future applicability. Paralogous co-expres-
sion conservation has great advantages, because it relies on experimentation in only a single 
organism. Moreover, gene duplications are rampant in eukaryotes. The resulting noise in 
orthology prediction possibly distorts the usage of conservation of co-expression between 
species. However it is the very same gene duplication that increases the applicability of co-
expression for function prediction.
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Abstract
We investigated the gene coexpression network in Saccharomyces cerevisiae, in which genes 
are linked when they are coregulated. This network is shown to have a scale-free, small-
world architecture. Such architecture is typical of biological networks in which the nodes 
are connected when they are involved in the same biological process. Current models for the 
evolution of intracellular networks do not adequately reproduce the features that we observe 
in the network. We therefore derive a new model for its evolution based on the observation 
that there is a positive correlation between the sequence similarity of paralogues and their 
probability of coexpression or sharing of transcription factor binding sites (TFBSs). The 
simple, neutralist’s model consists of (1) coduplication of genes with their TFBSs, (2) dele-
tion and duplication of individual TFBSs and (3) gene loss. A network is constructed by con-
necting genes that share multiple TFBSs. Our model reproduces the scale-free, small-world 
architecture of the coregulation network and the homology relations between coregulated 
genes without the need for selection either at the level of the network structure or at the 
level of gene regulation.
Introduction
Unravelling the interactions between the elements of a cell constitutes a major goal of the 
genome era. The structure of the resulting interaction networks is relevant to the function-
ing of the cell, for example, in development (Davidson et al., 2003), and for the interpreta-
tion of experimental results. Network analyses have shown a correlation between, on the 
one hand, the essentiality of a gene and, on the other hand, either the number of connec-
tions that the gene has (Jeong et al., 2001) or the topology of the metabolic network (For-
ster et al., 2003; Stelling et al., 2002). Furthermore, networks provide, for example, a frame-
work for the interpretation of synthetic lethal knockouts (Brummelkamp and Bernards, 
2003; Sonoda et al., 2003). The analysis of intracellular network topology also provides an 
objective, genome-wide base for the classic idea that a cell can be divided into functional 
modules (Davidson et al., 2003; Snel et al., 2002; Yanai and DeLisi, 2002), and network 
topology correlates with sequence variation: sequences evolve slowly when they have many 
connections in the network (Fraser et al., 2002) or when they are part of relatively densely 
connected motifs (Wuchty et al., 2003). Finally, network approaches are used to integrate 
various types of genomics data to increase the reliability of predicted interactions (Jansen et 
al., 2003), and one can envision that the topology of intracellular networks provides con-
straints for the manipulation and design of cells. 
The yeast coexpression network has a 
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Figure 3.1 | Distribution of connections per node in the coexpression network. Nodes are genes and connections are de-
ﬁned by coexpression of two genes, resulting in a network. The number of nodes (N) with a certain number of connections (k) in the 
coexpression network is shown, where coexpression is deﬁned by a correlation in expression pattern higher than 0.4 (right-pointing 
arrows), 0.6 (circles) or 0.8 (left-pointing arrows). The distributions at thresholds 0.6 and 0.8 are scale free with an exponent γ≈1.
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Figure 3.2 | Coexpression between paralogues in experiments. (A) Fractions of coexpressed paralogues calculated by 
correlation in coexpression in the data set of (Hughes et al., 2000). (B) Average number of shared regulatory elements between 
paralogues in the data set of (Lee et al., 2002).
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The main source of data for the reconstruction of intracellular networks is genomics. 
Facets of the cellular network that have been studied include protein interaction networks 
in which the nodes (proteins) are connected when they physically interact (Ito et al., 2001; 
Jeong et al., 2001; Uetz et al., 2000; Wagner, 2001), metabolic networks in which the nodes 
(metabolites) are connected when they are substrates or products in the same biochemi-
cal reaction (Fell and Wagner, 2000; Jeong et al., 2000; Ma and Zeng, 2003), genomic as-
sociation networks in which the nodes (genes) are connected when they occur repeatedly 
together in operons (Snel et al., 2002), and evolutionarily conserved coexpression networks 
(Stuart et al., 2003). The study of these networks has revealed that they all have a similar, 
nontrivial architecture. First, they are so-called scale-free networks. This means that there is 
no typical number of connections per node; rather the distribution of the number of connec-
tions (k) per node (N) follows a power law (N(k)~k−γ). In other words, there are many nodes 
with few connections and a small but still signiﬁcant number of nodes with many interac-
tions. Second, these networks have a small-world architecture. This implies that, on the one 
hand, they are highly clustered: when a node is connected to two other nodes, the latter two 
also tend to have a direct connection to each other. On the other hand, the average short-
est path length in the network (L, the minimum number of connections that one needs to 
get from one node to any other node) is almost as low as that for random networks (Watts 
and Strogatz, 1998). The scale-free, small-world architecture appears typical for intracellular 
networks in which the nodes are connected when they are involved in the same biological 
process. In contrast, another type of network, the gene regulatory network of Saccharomyces 
cerevisiae, in which the connections are between transcription factors and the genes they 
regulate, does not have a scale-free but rather an exponential distribution of the number of 
connections per node (Guelzim et al., 2002; Lee et al., 2002).
Because of the importance of molecular networks for the functioning of the cell, there 
is a great deal of interest in the evolution and origin of these networks. Yet it remains an 
open question whether the scale-free, small-world architecture is a direct product of selec-
tion and thus functionally meaningful, merely a by-product of the requirements of function 
and of selection at other levels, or even a natural consequence of mechanisms such as gene 
duplication. The evolution of scale-free networks has been explained in terms of selection 
on global properties such as robustness (Guelzim et al., 2002; Jeong et al., 2000) and the 
fast spread of perturbations (Fell and Wagner, 2000). It has also been addressed in phenom-
enological models (Bhan et al., 2002; Ravasz et al., 2002) that do not require selection but 
that are not supported by independent data. Here we analyse the network architecture of 
a general indicator of protein involvement in the same biological process: gene coexpres-
sion in S. cerevisiae (Hughes et al., 2000). We show that the gene coexpression network in S. 
cerevisiae is a scale-free, small-world network. By exploiting homology relations between the 
genes in the coexpression network, we formulate a neutralist model in which the scale-free, 
small-world architecture is a natural consequence of the mechanisms behind gene regulation 
evolution. This calls into question global selection mechanisms for the architecture of intra-
cellular networks.
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Results
Although gene coexpression is a continuous observable, the underlying principle is discrete: 
the sharing of regulatory elements. We therefore translate gene coexpression into a discrete 
network. In the network, the genes are the nodes, which are connected to each other when 
coexpressed. Such a network representation allows a comparison of the global organization 
of gene expression with other facets of the intracellular network. Furthermore, relative to 
protein interaction networks or metabolic networks, coexpression covers a more inclusive 
array of functional relations between gene products. As a threshold to establish a link in 
the network between two genes, we chose a coexpression correlation of 0.6 in a large-scale 
expression data set (Hughes et al., 2000), as higher thresholds do not give higher reliabili-
ties of functional interaction between the encoded proteins (van Noort et al., 2003). The 
coexpression network has 4,077 nodes (genes) that are linked by a total of 65,430 connec-
tions, the average number of connections per node (k) thus being 32 (each connection links 
two nodes). The distribution of number of links per node is scale free with degree exponent 
�≈1(Fig 3.1). Note that although the average number of connections is 32, most genes are 
connected to only one other gene, as reﬂected by the scale-free distribution (Fig 3.1). The 
clustering coeﬃcient of the network (c, the fraction of cases where if a node has a connec-
tion to two other nodes, these two also have a direct connection to each other) is 0.6. Not all 
nodes are connected in one cluster; the largest cluster contains 3,945 nodes, with an average 
shortest path length (L) of 4. In a random network with the same number of nodes (N) and 
connections (k), c=0.008 (k/N) (Barabasi and Albert, 1999) and L≈2.8 (from simulations; 
see Methods). Thus, the yeast coexpression network has all the properties of a small-world 
Figure 3.3 | Evolutionary model of transcription regulation.  The evolutionary model consists of a few simple mechanisms. 
(A) A genome is initiated with 25 genes with random TFBSs, represented by the small coloured shapes. (B) Possible events are as 
follows: (1) Gene A is duplicated, gene A0 has the same TFBS as its duplicate gene A; the duplicates are coexpressed. (2) Gene dele-
tion. (3) Gene A acquires a new TFBS from gene B. The probability of obtaining a speciﬁc TFBS is proportional to its frequency in the 
genome. The probability of a novel TFBS is (150 - total number of diﬀerent TFBSs present) / (150 + total number of TFBSs). (4) One of 
the TFBSs of gene A is deleted. (C) A network is constructed by connecting genes that share TFBSs.
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(L≈L
random
, c >> c
random
), scale-free (N(k)~k−γ) network that is typical for intracellular net-
works in which the nodes are connected when they are involved in the same process. Using 
thresholds for coexpression higher than a correlation coeﬃcient of 0.6 gave similar results, 
that is, a scale-free degree distribution and small-world organization (Fig 3.1). Using lower 
thresholds leads to the inclusion of ‘random’ connections (van Noort et al., 2003) and an 
exponential degree distribution with a smaller c (Fig 3.1). At the threshold of 0.6, the net-
work statistics are similar to previously studied biological networks (Fell and Wagner, 2000; 
Jeong et al., 2001; Jeong et al., 2000; Snel et al., 2002; Wagner, 2001), and thus we use this 
network for further study. 
The coexpression data have another interesting property: a correlation between the 
fraction of coexpressed paralogues and their sequence similarity (Fig 3.2A). An independent 
data set that also contains this pattern is the large-scale, experimental determination of 
transcription factor binding sites (TFBSs) (Lee et al., 2002), in which the number of shared 
regulatory elements between paralogues increases with protein identity (Fig 3.2B). A cor-
relation between divergence in sequence and in coexpression is expected if both diverge at 
constant, clock-like rates (Wagner, 2000), and indicates neutral evolution of these two traits. 
It appears that in the case of gene duplication, the regulatory elements tend to be codupli-
cated with the genes and mutated afterwards.
Existing network-evolution models cannot account for the combination of the archi-
tecture of the coexpression network and the correlation between coexpression and sequence 
similarity in paralogues. The network model of (Barabasi and Albert, 1999), based on the 
concept of preferential attachment (Simon and Bonini, 1958), produces scale-free networks, 
but not small-world networks (c≈c
random
; in a small-world network c >> c
random
), even when 
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Figure 3.4 | Distribution of connections per node in the simulated network. The number of nodes (N) with a certain num-
ber of connections (k) in the simulated network is shown. The minimum number of shared TFBSs for a connection in the network is 
three. Gene duplication and deletion are in the same order of magnitude as TFBS duplication and deletion (circles), gene duplica-
tion and deletion are much smaller than TFBS duplication and deletion (left-pointing arrows), and gene duplication and deletion are 
much larger than TFBS duplication and deletion (right-pointing arrows).
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introducing constraints to the number of connections per node or to the ageing of nodes 
(Amaral et al., 2000). The algorithm of (Ravasz et al., 2002) to realize a small-world, scale-
free network involves hierarchical duplication of complete modules and attachment to the 
central node of the existing module. This model does not lead to a high likelihood of attach-
ment between duplicated nodes, and is therefore not explanatory for the evolution of our 
network. Moreover, in contrast to the predictions of this model, the explicit testing of the 
age of genes (see Methods) and the number of their connections did not reveal any positive 
correlation (Pearson correlation=−0.04, P-value that there is no positive correlation=0.98). 
The duplication model of (Bhan et al., 2002) assumes duplication of genes with partial con-
servation of connections. When seeding this model with a scale-free network, most of the 
structure persists for a few iterations; however, simulating this model for a higher number 
of iterations results in an exponential degree distribution of N versus k (Pastor-Satorras et 
al., 2003). In this model, there is no relation between the timing of a duplication event and 
the likelihood of attachment of the resulting paralogues. This is because the connections are 
ﬁxed once established, as in all previous models. This is not an evolutionarily sound assump-
tion, given the observation that connectivity between paralogues is dependent on the tim-
ing of the duplication event and that coexpression is only partly conserved between species 
(Teichmann and Babu, 2002; van Noort et al., 2003).
We introduce a new, simple model to explain the emergence of scale-free networks 
with a high clustering coeﬃcient that is based on the observation of a positive correlation 
between the probability of a connection between two paralogues and their sequence similar-
ity. In this model, the entities are genes that have a number of TFBSs. Connections between 
genes are established when they share a minimum number of TFBSs. At every time step, 
each gene has a probability of being duplicated, resulting in a new gene (step 1, Fig 3.3). In 
the case of duplication, the TFBSs are passed on to the duplicate gene, corresponding to a 
high likelihood of coexpression between recently duplicated paralogues in the experimental 
data. A gene may be deleted (step 2, Fig 3.3). A TFBS can be acquired from the pool of TFBSs 
of all genes, where the probability of obtaining a speciﬁc TFBS is proportional to its frequen-
cy in the genome (step 3, Fig 3.3), introducing connections between nonparalogous genes. 
New TFBSs are introduced at a low frequency. All TFBSs have a probability of being deleted 
(step 4, Fig 3.3), giving rise to a decrease in connectivity between duplicates over time and 
balancing the number of TFBSs per gene. We simulated this model by seeding it with 25 
genes with randomly assigned TFBSs and evolving these for 100 evolutionary steps, observ-
ing three parameter regimes. In the ﬁrst regime (left-pointing arrows, Fig 3.4) , the TFBS du-
plication and deletion rates are much higher than the gene rates. This eﬀectively decouples 
the TFBS from the genes and gives rise to a very loosely connected network (a steep slope), 
albeit with a power-law distribution of the number of connections per node and a high c 
(c=0.3 in this speciﬁc case). In the second regime (circles, Fig 3.4), the TFBS duplication and 
deletion rates are in the same order of magnitude as those for the genes. Here, we observe a 
scale-free degree distribution with a slope similar to the one observed in the experimental 
data and a high c. In the third regime (right-pointing arrows, Fig 3.4), the rates for TFBS 
duplication and deletion rates are much lower than those for genes. This couples the TFBS to 
the genes such that almost every pair of paralogues is connected, resulting in a very tightly 
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connected network, with an exponentially declining degree distribution and a very high c 
(close to 1).
In a natural situation, we do not expect the evolutionary parameters to be in the third 
regime, as pieces of DNA are duplicated by the same mechanisms, be it coding or noncoding 
DNA. Also, TFBSs are much smaller than genes and are thus expected rather to have dupli-
cation and deletion rates that are at least as high as those for individual genes. A simulated 
network in the intermediary regime exists of, for example, 4,273 nodes connected by 56,953 
connections. The network displays small-world behaviour, indicated by a high clustering 
coeﬃcient (c=0.2) relative to random networks (c
random
=0.003) and in the largest cluster of 
4,070 nodes an average shortest path length (L≈3) that is similar to the shortest path length 
in a random network (L
random
≈3.5). The overall behaviour of this network is very similar to 
the coexpression network. This indicates that a scale-free, small-world organization as such 
can be the result of neutral evolution. Still, the levels of cliquishness and the slope of the 
scale-free distribution may be the result of natural selection.
Discussion
The functional relevance of the typical scale-free, small-world organization that we observe 
in intracellular networks is open to debate. In the absence of an experimental system with 
which to test the functional relevance of the network architecture, we have to resort to 
theoretical experiments. These basically answer the following question: what are the mini-
mal conditions under which a speciﬁc network architecture can evolve? To answer these 
questions, we have studied the coexpression network in S. cerevisiae that we show to have a 
small-world, scale-free architecture. Furthermore, the network contains a positive correla-
tion between the probability of coexpression of two paralogues and their sequence similar-
ity. We introduce a network model that reproduces the architecture as well as the homology 
relations in the coexpression network. Its key components are that genes are coduplicated 
with their TFBSs and that multiple shared TFBSs are required for coexpression. Our obser-
vation of a positive correlation between sequence similarity and the level of coexpression 
contrasts with the results of (Wagner, 2000), who only observed a very weak correlation. The 
diﬀerence is probably explained by the much larger coexpression data (Hughes et al., 2000) 
and the additional data set of TFBSs (Lee et al., 2002) combined with homology relations. 
This analysis of more data thus oﬀers support for a neutralist’s explanation of the gene coex-
pression network architecture.
In contrast, not only the scale-free, small-world architecture of intracellular networks 
but also one of the network statistics, the diameter, have been argued to be the result of 
biological selection. It should be noted that with respect to the diameter, the direction of 
this argument has been rather arbitrary: both the relatively small diameter of metabolic net-
works (Jeong et al., 2000) and the relatively large diameter of protein interaction networks 
(Maslov and Sneppen, 2002) have been argued to be the result of selection. Subsequent 
analyses have however shown that in both cases the networks were more random than 
proposed, and that the observed biases in the diameter size were either due to the choice 
of the network nodes (Ma and Zeng, 2003) or experimental bias in the underlying data set 
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(Aloy and Russell, 2002). This leaves the argument that the scale-free, small-world architec-
ture itself is a result of selection (Guelzim et al., 2002). As our model is purely mechanistic 
and the mechanisms are suﬃcient to explain the properties of the network, we do not need 
selection at the level of the network or at the level of gene regulation. This does not exclude 
the possibility of selection at that level or that the network architecture is in some way or 
another exploited by the cell, but it does call for a more sober view in interpreting network 
architectures in terms of selection and the beneﬁts for the cell.
Methods
Random network. To evaluate the nontrivial properties of the coexpression network, 
it is compared with a random network. The random network is simulated by taking the same 
number of nodes as the coexpression network and randomly placing the same number of 
connections between these nodes.
Clustering coeﬃcient and average shortest path length. The clustering coeﬃcient 
(c) or the degree of cliquishness is computed by ﬁrst counting all pairs of associations (cases 
where gene A is linked to gene B and to gene C), subsequently counting how often these 
pairs are closed (B is linked to C), and then dividing the second count by the ﬁrst count 
(Watts and Strogatz, 1998). L is the average minimum number of nodes one needs to cross 
to get from one node to another. To obtain L, we compute the shortest path between all 
pairs of genes, and subsequently compute the average (Watts and Strogatz, 1998).
Gene age. The age of genes was determined by the amino-acid distance (100 – percent-
age protein identity) to the most distant paralogue (homologue within the same genome; 
(Fitch, 1970)). Duplications seem to be rampant in yeast; thus, when a gene was present 
very early in the genome, it is likely to have distant paralogues. This distance was then used 
to ﬁnd out whether there is a correlation between gene age and the number of connections 
in the coexpression network.
Paralogues. To determine the correlation between protein identity and probability 
of connections between paralogues, we ﬁrst need to determine paralogues. This is done by 
Smith–Waterman (Smith and Waterman, 1981) searches of the amino-acid sequences of the 
translated genes of S. cerevisiae (Goﬀeau et al., 1996) against each other. Matches with an 
E-value below 0.01 are considered paralogues.
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Abstract
Genomic data provide invaluable, yet unreliable information about protein function. Howev-
er, if the overlap in information among various genomic datasets is taken into account, one 
observes an increase in the reliability of the protein-function predictions that can be made. 
Recently published approaches achieved this either by comparing the same type of data from 
multiple species (horizontal comparative genomics) or by using subtle, Bayesian methods to 
compare diﬀerent types of genomic data from a single species (vertical comparative genom-
ics). In this article, we discuss these methods, illustrating horizontal comparative genomics 
by comparing yeast two-hybrid (Y2H) data from Saccharomyces cerevisiae with Y2H data from 
Drosophila melanogaster, and illustrating vertical comparative genomics by comparing RNA 
expression data with proteomic data from Plasmodium falciparum.
Introduction
Functional genomics data, derived from proteomics and transcriptomics, enable us to have 
an unprecedented view of global cellular activity. However, these data are ‘noisy’: they miss 
many of the true protein interactions and they also report numerous protein interactions 
that are false. Fortunately, computational analysis of these data can improve our ability to 
extract reliable predictions from them. Horizontal comparative genomics achieves this by 
comparing multiple datasets of the same type that are derived from diﬀerent species. It thus 
compares not only two independent ‘human’ experiments but also experiments performed 
by evolution. It can help answer whether genomic data indicate that proteins from two or-
thologous groups functionally interact with each other in multiple species. 
A classic example of horizontal comparative genomics used the conservation of gene 
order in prokaryotes as an indication of the co-regulation of proteins in multiple species 
(Dandekar et al., 1998). This principle has now been applied to gene co-expression data 
that were determined from array data and to protein–protein interaction data that were 
obtained through Y2H screens. The likelihood that the observed links between the proteins 
are biologically meaningful increases dramatically when gene co-expression between or-
thologous mRNAs is conserved between Saccharomyces cerevisiae and Caernohabditis elegans 
(Teichmann and Babu, 2002; van Noort et al., 2003) or among S. cerevisiae, C. elegans, D. 
melanogaster and Homo sapiens (Stuart et al., 2003) or when Y2H interactions are conserved 
between Helicobacter pylori and S. cerevisiae (Kelley et al., 2003). This likelihood is measured 
as the fraction of proteins (among those co-expressed or Y2H interacting proteins whose 
functions are known) that are part of the same complex, pathway or biological process. 
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Interestingly, another type of evolutionary conservation, conservation of co-expression 
or Y2H interaction after parallel gene duplication in one species, leads to a similar increase 
in the reliability of the predictions that can be made (Kelley et al., 2003; van Noort et al., 
2003). Conservation of co-expression can be used to predict protein function and functional 
interactions reliably (Stuart et al., 2003; van Noort et al., 2003) and some predictions have 
been veriﬁed experimentally (van Noort et al., 2003).
Function prediction by conserved interaction
There are some conceptual and technical issues that are involved in comparing genomic data 
from diﬀerent species, which we illustrate by comparing the recently published Y2H data 
from D. melanogaster (Giot et al., 2003) with Y2H data from S. cerevisiae (Ito et al., 2001; 
Uetz et al., 2000). Similar to observations made in other horizontal comparative genomics 
analyses, we found that detecting a Y2H interaction between two orthologous groups in two 
species dramatically increases the likelihood that they interact functionally (Figure 4.1); an 
inspection of the list of conserved interactions indicates that they are all physical interac-
tions. The total number of conserved interactions is however rather low (Figure 4.1), indicat-
ing the high reliability and low sensitivity of using the conservation of Y2H interactions to 
predict physical interactions between proteins reliably. Furthermore, based on the Saccha-
romyces Genome Database (SGD) (http://www.yeastgenome.org/) (Dwight et al., 2002), the 
list of conserved Y2H interactions contains a few proteins for which the biological processes 
and the molecular functions are unknown (13 proteins, 5% of the proteins in conserved in-
Figure 4.1 | The reliability of separate and combined 
yeast two-hybrid (Y2H) data for the prediction of functional in-
teractions between proteins (left), and the total number of inter-
actions detected (right). Reliability is measured as the number of 
proteins for which Y2H interactions are observed (on the same 
Kyoto encyclopedia of genes and genomes (KEGG) (Kanehisa et 
al., 2004) pathway-map) divided by the total number of proteins 
for which Y2H interactions are observed (in the KEGG database; 
http://www.genome.ad.jp/kegg). The three columns on the 
left-hand side contain data from the Drosophila melanogaster 
dataset of (Giot et al., 2003), the Saccharomyces cerevisiae 
datasets from (Ito et al., 2001) and from (Uetz et al., 2000). In the 
center are the columns that give the reliability and the number 
of Y2H interactions that were measured in D. melanogaster for 
which both proteins have orthologs in the S. cerevisiae genome. 
The columns on the right show the reliability for the Y2H interac-
tions that are observed in two datasets. Orthology was deﬁned 
using the Clusters of Orthologous Groups (COG) database. 
Conservation of Y2H interaction between S. cerevisiae and D. 
melanogaster leads to a greater increase in reliability than the 
independent observation of that interaction in the two datasets 
from S. cerevisiae, and the fact that two Y2H interacting D. 
melanogaster proteins both have an ortholog in S. cerevisiae has 
little eﬀect on the reliability of the interaction. Note, however, 
that the reliability of conserved Y2H interactions does come at 
the price of sensitivity: <200 interactions are conserved between 
the combined S. cerevisiae and D. melanogaster datasets. Using 
the more restrictive best bi-directional hits, the overlap is <100 
(Table 4.1). For complete lists of the conserved interactions and 
the eﬀects of using diﬀerent orthology deﬁnitions see http://
www.cmbi.kun.nl/~huynen/ConservedY2H.
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teractions), compared with the complete genome (27% genes with unknown function). This 
parallels the observation in the S. cerevisiae interaction network, where proteins of known 
function have more interaction partners than those of unknown function (Yu et al., 2004). 
Thus conserved interactions often give credence to cases for which there is already at 
least some experimental evidence, such as the interaction of the S. cerevisiae protein TSR2 
and its ortholog in D. melanogaster (CG14543) with ribosomal protein 26S in either species. 
A role for YLR435w in ribosomal maturation would be consistent with the accumulation of 
20S rRNA in YLR435w knockouts in S. cerevisiae (Peng et al., 2003) and an interaction with 
the ribosomal protein 26S in S. cerevisiae has also been observed using tandem aﬃnity puri-
ﬁcation (TAP)-tagging (Peng et al., 2003). 
Nevertheless, using overlapping datasets, one can make new, reliable protein–pro-
tein interaction predictions. One example of a ‘new’ interaction is between the xeroderma 
pigmentosum group A binding GTPase (XAB1) (CG3704 in D. melanogaster) and the hypo-
thetical protein YOR262w/CG10222, which also contains a GTPase domain. XAB1 has been 
observed to interact with the DNA-repair protein XPA1 and is thought to be required for 
its import into the nucleus (Nitta et al., 2000), suggesting a function in nuclear import for 
YOR262w/CG10222. The two proteins share other, albeit weak, genomic links: in S. cerevi-
siae, both proteins are cytoplasmatic (Huh et al., 2003) and are essential for the cell (Dwight 
et al., 2002). Furthermore, they have the same phylogenetic distribution, possessing ortho-
logs in all eukaryotic genomes sequenced to date. 
More than just more data
Is combining data from diﬀerent species really more than just combining multiple indepen-
dently generated datasets to ﬁlter out the experimental noise? There are some indications 
that this is the case: Stuart and coworkers showed that omitting parts of the co-expression 
data in each species did not signiﬁcantly aﬀect their ability to reliably predict the proteins 
that were part of the same pathway (Stuart et al., 2003). By contrast, omitting one or more 
species from the data drastically reduced this predictive value (Stuart et al., 2003). Further-
more, although taking the overlap into account between two diﬀerent Y2H datasets for S. 
cerevisiae also leads to an increase in the likelihood of detecting a real interaction, it does 
not match the level that is obtained by comparing datasets from multiple species (Figure 
4.1). Note however that when two genes are co-expressed in S. cerevisiae the fact that they 
both have orthologs in C. elegans in itself already leads to a higher likelihood of interaction, 
although not as high a likelihood as when these orthologs are also co-expressed in C. elegans 
(van Noort et al., 2003). Thus, the (same) widespread, phylogenetic distribution of genes 
appears to be responsible in part for the increase in the predictive value of ﬁnding conserved 
co-expression between them. This eﬀect is however not observed for the Y2H data (Figure 
4.1), where the presence of orthologs in the other species does not signiﬁcantly aﬀect the 
reliability of the interaction. 
Quantifying the amount of conservation and determining orthology
The amount of conservation of co-expression between S. cerevisiae and C. elegans is low 
(<10%) (Teichmann and Babu, 2002; van Noort et al., 2003), albeit signiﬁcant (van Noort et 
al., 2003). It is not clear to what extent the small overlap is a reﬂection of the noisy nature 
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of the data or a true indication of the low conservation of co-regulation. Determining the 
conservation of protein–protein interactions depends, of course, on how orthologous rela-
tionships between proteins are determined. Using a restrictive measure of orthology, such 
as best bidirectional hits, there are 33 and 45 conserved interactions between the D. mela-
nogaster and the Uetz dataset (Uetz et al., 2000) and between D. melanogaster and Ito (Ito et 
al., 2001) dataset, respectively. When dividing by the number of Y2H-interacting D. mela-
nogaster proteins whose orthologs are actually present in the S. cerevisiae, Uetz and Ito Y2H 
datasets, there are 24% conserved interactions between D. melanogaster and the Uetz data-
set and 16% between D. melanogaster and the Ito dataset (Table 4.1). These percentages of 
conserved interactions are substantial when compared with the 26% of interactions that are 
‘conserved’ between the Y2H S. cerevisiae datasets. Best bidirectional hits do not necessar-
ily identify functionally equivalent orthologs, especially in the case of gene duplication and 
varying rates of evolution, and more inclusive measures might identify extra conservation. 
Using the more inclusive eukaryotic orthologous groups (KOG) [see Clusters of Orthologous 
Groups (COG) http://www.ncbi.nlm.nih.gov/COG] (Tatusov et al., 2001) to deﬁne orthology 
relationships, the number of ‘conserved’ interactions between D. melanogaster and S. cerevi-
siae increases from 33 to 39 (Uetz dataset) and from 45 to 51 (Ito dataset) (see http://www.
cmbi.kun.nl/~huynen/ConservedY2H). Therefore, the issue of how to determine orthology 
relationships between genomes is becoming less academic because similar functional ge-
nomic data for multiple species are available, and we can ﬁnally compare the various orthol-
ogy algorithms for their sensitivity and selectivity. 
Vertical genomics – diﬀerent data from one species
By only analyzing the overlap between genomic data from diﬀerent species we, of course, 
ignore biologically relevant, species-speciﬁc interactions. To detect such interactions reliably, 
one can combine diﬀerent types of genomic data from one species. In doing so one faces 
several challenges. First, the predictive values of various types of genomic data vary widely 
not only among diﬀerent types of genomic data but also within one set of genomic data (e.g. 
in co-localization data, where the predictive value for protein interaction depends strongly 
on where in the cell the proteins co-localize (Huh et al., 2003)). Second, datasets tend to 
Table 4.1 | The overlap among the number of yeast two-hybrid interactions between two Saccharomyces cerevisiae datasets and 
one Drosophila melanogaster dataset.a
Dataset comparison Protein interactions 
(both proteins present 
in the other dataset)
Conserved interactions Percentage of 
conserved interactions
Mean conserved 
interactions
Ito versus Uetz 858; 697 201 23.4%; 28.8% 26.1%
Ito versus Giot 229; 394 45 19.6%; 11.4% 15.5%
Uetz versus Giot 120; 168 33 27.5%; 11.6% 23.5%
aIn calculating the percentage of overlap between datasets only interactions for proteins that appeared in both datasets were taken 
into account (i.e. the number of interactions that was observed in both S. cerevisiae datasets was divided by the number of interac-
tions in the Ito set, for which both proteins were present, although not necessarily interacting with each other, in the Uetz set) 
Orthology relations between the S. cerevisiae and the D. melanogaster were determined by best bidirectional hits among the ho-
mologous relationships (E , 0.01, local sequence alignment). The percentage overlap between the S. cerevisiae datasets and the D. 
melanogaster dataset (24% and 16%) are close to those between the S. cerevisiae datasets themselves (26%). This suggests that the 
low levels (24% and 16%) of conservation of physical interaction between S. cerevisiae and D. melanogaster can, to a large extent, 
be attributed to the lowreproducibility of yeast two-hybrid (Y2H) interactions in general; therefore, physical interaction between 
proteins is highly conserved in evolution.
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Figure 4.2 | The increase in the likelihood value for the interaction of Plasmodium falciparum proteins observed by consis-
tently correlated expression over four datasets (unbroken lines) and the number of predicted protein pairs at that likelihood value 
(broken lines). A Bayesian analysis for the two protein and two RNA expression datasets for P. falciparum was performed by calculat-
ing pair-wise Pearson-correlation coeﬃcients for all genes in each dataset separately. For the proteomic data, these are based on 
the number of diﬀerent peptides detected per protein (Florens et al., 2002) (non-tryptic peptides excluded). Next pairs of genes 
for each set were divided into two classes: high correlation and low correlation. Finally, for combinations of ‘high correlation’ and 
‘low correlation’, the relative likelihoods that the proteins interact were estimated based on co-occurrence in Kyoto encyclopedia 
of genes and genomes (KEGG) maps (http://www.genome.ad.jp/kegg). The ‘consistent’ line (diamonds) shows the likelihood that 
proteins interact based on a high correlation in only one dataset (and a low correlation in the other three), a high correlation in two 
datasets (and a low correlation in the other three) and so on. The line with circles is a historical reconstruction of how the addition 
of datasets has increased the possibility to predict protein interaction with high likelihood. It is calculated for a high correlation in 
the ﬁrst dataset (irrespective of the other three), in the ﬁrst two (irrespective of the other two) and so on. The order of adding the 
datasets, from left to right is: proteomics from (Lasonder et al., 2002) and from (Florens et al., 2002), RNA expression from (Le Roch 
et al., 2003) and from (Bozdech et al., 2003), with correlation thresholds between ‘high correlation’ and ‘low correlation’ set at 0.8, 
0.75, 0.75 and 0.8, respectively. There are not enough data to divide the correlations into more categories than high and low. For a 
complete listing of interaction likelihoods of protein pairs, see http://www.cmbi.kun.nl/~huynen/PlasmodiumData. The non-inde-
pendence of the data is reﬂected in the saturation of the curve, independent data would, in principle, produce a straight line with 
the increase in likelihood. The results illustrate the value of having more data for the prediction of protein–protein interactions in P. 
falciparum, even when those are correlated.
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be incomplete: they tend to cover only a fraction of the genes (Yu et al., 2004) (i.e. except 
for RNA-expression data or genome data). Finally, there are intrinsic correlations between 
the data, for example, between expression data on the RNA level and on the protein level 
(Ghaemmaghami et al., 2003). 
Recently published approaches tackled these challenges by combining the genomic data 
in a Bayesian framework (Jansen et al., 2003; Troyanskaya et al., 2003). A Bayesian approach 
uses a set of known interactions and known non-interactions (e.g. the proteins are in diﬀer-
ent cell compartments) to estimate how best to combine the various types of data, instead 
of just ‘blindly’ combining them as was illustrated previously for the Y2H data. Furthermore, 
the quality of the predictions is expressed as the likelihood that two proteins interact rela-
tive to two randomly chosen proteins and is not an absolute probability as shown in Figure 
4.1. When the genomic data are, in principle, independent (e.g. localization and expression 
data) they are combined in a so-called Naïve Bayesian approach, in which the likelihood 
that two proteins interact for the separate datasets are multiplied by each other to obtain a 
combined likelihood. A full Bayesian analysis does not assume the independence of the data 
and estimates the likelihood by directly comparing combinations of various (binned) values 
of the data with a set of known interactions and known non-interactions.
 A Bayesian network for Plasmodium falciparum
We illustrate the Bayesian network approach with an analysis of genomic data for P. falci-
parum for which two gene-expression datasets (Bozdech et al., 2003; Le Roch et al., 2003) 
and two proteomics datasets (Florens et al., 2002; Lasonder et al., 2002) have been pub-
lished. Because these data all reﬂect gene expression, either measured directly as transcript 
or indirectly as protein, and are therefore not independent, they have to be combined in a 
full Bayesian framework: the likelihood of protein interaction has to be directly estimated 
for combinations of correlations between the genes in the separate datasets. Combining 
the data in this manner leads to an increase in the likelihood of the predictions that can be 
made in two ways (Figure 4.2): (i) protein interactions that are supported consistently by all 
datasets are more probable than those that are only supported by one dataset; and (ii) with 
an increase in data over time the quality of the predictions improves (i.e. having more data 
enables us to making more likely predictions). 
Function prediction in Plasmodium falciparum
P. falciparum protein functions can be predicted more reliably using the integrated data. 
A typical example is PFI0895c, a protein that is homologous to subunit 5 of translation 
elongation factor 3 (elF-3 epsilon), which interacts with the ribosome, and is homologous 
to subunit RPN8 of the 26S proteasome regulatory complex. Both at the RNA and at the 
protein level, PFI0895c shows a correlated expression with ribosomal proteins L27, L21e 
and Sa. An annotation of PFI0895c as elF-3 epsilon appears therefore most likely. Poten-
tially more interesting are predictions for proteins that are speciﬁc to the Plasmodium genus 
such as PFI0555c, which is expressed with two proteins that are involved in protein degrada-
tion – the aspartic proteinase and drug target (Coombs et al., 2001) PF14_0075 (plasmep-
sin IV) and the ornithine aminotransferase MAL6P1.91 – suggesting an additional role for 
PFI0555c in protein degradation. 
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Outlook
Comparative genomics is a powerful tool to extract reliable predictions from genomic data. 
To obtain predictions that are amenable to experimental testing, predictions need not only 
to be reliable but also more speciﬁc than ‘protein A is involved in process B’ or ‘protein A 
interacts with protein C’. One source of information to make predictions more speciﬁc is the 
topology of the predicted interaction networks. Locally densely connected networks reﬂect 
stable physical complexes, whereas less connected networks correlate with signaling path-
ways and transient interactions (Pereira-Leal et al., 2004; Spirin and Mirny, 2003). With the 
avalanche of genomic data, instead of merely determining the overlaps, scientists will be in 
a position to determine the diﬀerences and extract biological meaning from those diﬀer-
ences. In contrast to stable complexes, transiently interacting proteins appear not to show 
correlated expression (Jansen et al., 2002). Alternatively, one might be able to ﬁnd meta-
bolic pathways in consistently co-expressed but not physically interacting proteins. We will 
undoubtedly see that more creative combinations of genomic data will increase the speciﬁc-
ity of genomics-based protein-function prediction, although whether speciﬁc experimental 
testing of protein function prediction will ever catch up with the large number of function 
predictions remains to be seen.
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Abstract
The malaria parasite Plasmodium falciparum has a complicated life cycle with large variations 
in its gene expression pattern, but it contains relatively few speciﬁc transcriptional regula-
tors. To elucidate this paradox, we identiﬁed regulatory sequences, using an approach that 
integrates the sequence conservation among species and the correlation in mRNA expres-
sion within a species. Our analysis identiﬁed several DNA sequence motifs that are associ-
ated with mRNA expression, two of which were previously determined experimentally. We 
found more putative regulatory sequences per gene in P. falciparum than in other eukary-
otes, such as yeast. We propose that Plasmodium uses the few regulatory proteins it has in 
a combinatorial approach for gene regulation, explaining the relative paucity in regulatory 
proteins.
Introduction
Half of the population of the world lives in areas where malaria is endemic, causing the 
death of up to three million people annually. The most lethal form of human malaria is 
caused by infection with the protozoan parasite Plasmodium falciparum. The genome se-
quence of this eukaryotic organism in addition to mRNA and protein expression data are 
publicly available; however, the gene-regulatory processes governing the development of the 
parasite are poorly understood. Proteomics (Florens et al., 2002; Lasonder et al., 2002) and 
mRNA expression data (Bozdech et al., 2003; Le Roch et al., 2003) show that P. falciparum 
has major variations in gene expression levels throughout its life cycle. Furthermore, tran-
scription levels are inﬂuenced by environmental factors such as temperature and glucose 
concentration(Fang and McCutchan, 2002; Fang et al., 2004). However, the Plasmodium 
genome seems to encode relatively few proteins that are homologous to transcription fac-
tors found in other eukaryotes; these transcription factors are expected to contribute to 
gene-speciﬁc transcriptional regulation (Coulson et al., 2004). How the parasite manages 
to control the timing of gene expression correctly taking into account the requirements of 
the cell remains elusive. It has been proposed that histone-modiﬁcations or post-transcrip-
tional mechanisms have a larger eﬀect on gene expression than transcriptional regulation in 
Plasmodium. Recently, six genes were shown to contain sequences that might be implicated 
in translational repression (Hall et al., 2005). 
The target sequences of transcription regulators in P. falciparum are largely unknown. 
Two methods exist to detect cis-regulatory elements by bioinformatics approaches. The 
ﬁrst method determines shared sequence motifs in upstream regions of genes that have 
Combinatorial gene regulation in 
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Figure 5.1 | Cis-regulatory motif detection. First, the correlations between gene pairs were calculated on the basis of two 
mRNA expression data sets (Bozdech et al., 2003; Le Roch et al., 2003). Genes were then clustered, and the clusters that contained 
at least 20 genes were considered for further analysis. The squares indicate the calculated data (correlation and scoring matrices). 
Next, the regions that were 1-kb upstream from the co-expressed Plasmodium falciparum genes and their orthologous genes in 
Plasmodium yoelii were selected. The clusters of upstream regions were subsequently used as input for the AlignAce program 
(Hughes et al., 2000; Roth et al., 1998), which ﬁnds over-represented motifs by a Gibbs-sampling algorithm. The upstream regions 
of all P. falciparum genes were scanned for the presence of over-represented motifs, resulting in a scoring matrix of 5334 genes by 
79 motifs. To obtain motifs that correlated with the expression data, we used the multivariate regression approach with forward 
motif selection used in Reduce (Bussemaker et al., 2001). We included motifs until P<0.01 of the most signiﬁcant motif. Time courses 
(T-values) were calculated for all signiﬁcant motifs.
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similar expression patterns or similar functions (Roth et al., 1998; van Helden et al., 1998). 
These motifs have, in several cases, been shown to be target sites. The second method is 
‘phylogenetic footprinting’, in which conserved sequences among multiple species in non-
coding DNA can indicate regulatory sites (Cliften et al., 2003). Cis-regulatory elements are 
conserved at a signiﬁcantly greater level than non-functional DNA among genomes that 
are as distant as human and mouse genomes (Liu et al., 2004). The evolutionary divergance 
between the rodent parasite Plasmodium y. yoelii and the human parasite P. falciparum is 
approximately the same as that between human and mouse (Carlton et al., 2002), leading 
to the expectation that cis-regulatory elements will also be conserved between these two 
Plasmodium species. In a preliminary study, the AlignAce program was used to ﬁnd cis-regu-
latory elements in P. falciparum in upstream regions of genes encoding heat shock proteins 
(Militello et al., 2004), leading to the identiﬁcation of the G-box element. Comparison 
among diﬀerent Plasmodium species revealed that this element is conserved. 
The extreme AT-richness of Plasmodium intergenic regions makes it diﬃcult to identify 
putative regulatory elements by either phylogenetic footprinting or over-representation in 
functionally related genes. Therefore, we integrated the two approaches to identify these ele-
ments (i.e. we used both clusters of co-expressed genes in P. falciparum and the evolutionary 
sequence conservation between P. y. yoelii and P. falciparum). We found 12 putative regula-
tory motifs. Based on our results, we hypothesize that P. falciparum uses a greater number 
of transcriptional regulatory sites per gene in a combinatorial fashion compared with other 
eukaryotic species, such as Saccharomyces cerevisiae. 
Integrating evolutionary conservation with expression correlation
Our method for putative regulatory-element detection looks simultaneously for motifs that 
correlate with mRNA expression proﬁles and have evolutionary sequence conservation. An 
overview of the method is given in Figure 5.1, details can be found in the Supplementary 
Material. First, we calculated similarity in expression of gene pairs based on two expression 
data sets (Bozdech et al., 2003; Le Roch et al., 2003) by multiplying the gene–gene 
correlations from the individual data sets. Then we clustered Plasmodium genes based on 
the combined co-expression scores. Finally, these P. falciparum gene clusters were combined 
with their P. y. yoelii orthologs to ﬁnd conserved motifs in the upstream regions using the 
AlignAce program. Note that we did not make alignments of upstream regions but instead 
used the Gibbs sampler from AlignAce (Roth et al., 1998) to ﬁnd motifs that correlate 
simultaneously with expression and with evolutionary conservation.
Correlation of motifs with expression data
Using the diﬀerent co-expression clusters, we found 79 over-represented motifs. The up-
stream regions of all P. falciparum genes were scanned for presence of the motifs. For each 
motif cluster, we took the greatest score for each gene resulting in a scoring matrix of 5334 
genes by 79 motifs. Among these motifs we expected that some are functional and, there-
fore, correlate with speciﬁc expression patterns, whereas others might just be over-rep-
resented in the whole genome or occur because of other biases, speciﬁcally in the AT-rich 
genome of P. falciparum. Therefore, we used a second algorithm, Reduce, to calculate the 
correlation (r) between the motif scores and expression levels (Bussemaker et al., 2001), to 
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Figure 5.2 | The late-schizont motif. (a) Logo of the late-schizont regulatory motif. The height per position represents the in-
formation content and the height of the letters indicates the frequency. (b) Positions of non-overlapping matches counted in 50-nt 
bins. Most matches of the late-schizont motif are 250–300 nt upstream of the translation start site (position preference P<0.05). (c) 
Time course (T) for the late-schizont motif in the Bozdech data set. (d) Time course for the late-schizont motif in the LeRoch data set. 
(e) The alignment of upstream regions of genes expressed in late schizonts that contain the motif. The asterisks indicate conserved 
positions. The region matching the motif is in capital letters. Abbreviations: ER, early ring; ES, early schizont; ET, early trophozoite; 
G, Gametocyte; LR, late ring; LS, late schizont; LT, late trophozoite; M, Merozoite; S, sporozoite; s, sorbitol-synchronized parasite; t, 
temperature-synchronized parasite.
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obtain potentially functional motifs. This method ensures that if similar motifs correlate 
with the same gene expression levels, we will only identify the motif that has the strongest 
correlation with these gene expression levels. We found 12 putative regulatory motifs [i.e. 
motifs that signiﬁcantly correlated (P<0.01) with mRNA expression]. Note that out of 79 
over-represented motifs, only 12 correlated with mRNA expression. Indeed by just detecting 
over-representation, we identiﬁed motifs that were the result of biases in the genome. 
Previously determined sequence motifs
The sequence logos of each of these motifs and correlations with expression data can be 
found in Table 1 of the Supplementary Material. There is little experimental data available 
about expression-related sequence motifs in P. falciparum. Two of the motifs we identi-
ﬁed had been experimentally determined previously. Motif 5 contains consensus sequence 
TGTATATATG and is correlated with upregulation in schizonts in mRNA expression data 
sets and in gametocytes in the LeRoch data set. Motif 5 is similar to and present in the same 
genes as the sequence TGTAT(G/A)TG, which was found to regulate var genes in an experi-
mental study (Calderwood et al., 2003). We also observed a poly(dAdT) repeat (motif 11), 
which correlated with upregulation in gametocytes, this motif was recently found to regu-
late calmodulin activity (Polson and Blackman, 2005). 
Two known regulatory sequences were not present in our results. The ﬁrst is an experi-
mentally determined sequence associated with sexual and early mosquito stages: the recog-
nition site for the PAF-1 transcription factor (Dechering et al., 1999). The second motif that 
we did not retrieve is the CCAAT box, although this is to be expected because the Plasmodi-
um genome encodes the complete CCAAT-box-binding complex (Coulson et al., 2004). Addi-
tional mRNA expression data will be needed for the identiﬁcation of these sequence motifs. 
  Newly discovered motifs
In addition to motif 5, we found two more T(G/A) repeat motifs (motifs 3 and 4) that also 
correlate with mRNA expression in schizonts and gametocytes. We found other important 
motifs including oligo(dA)oligo(dT) repeat (motif 1), correlating with gene upregulation in 
the ring stage and a poly(dG)poly(dA) motif (motif 2), correlating with gene upregulation in 
the trophozoite stage. Figure 5.2 shows the late-schizont motif, a newly discovered, puta-
tive regulatory motif that correlates with upregulation of 72 genes in late schizonts (Figure 
5.2c,d). The late-schizont motif occurs preferentially (P<0.05) between 250 and 300 nucleo-
tides upstream of the translation start site (Figure 5.2b). Binding of transcriptional regula-
tors in yeast occurs predominantly at ~180 bases upstream of the start codon (Harbison et 
al., 2004). Thus, we expect that the late-schizont motif also constitutes a transcription-fac-
tor-binding site. Similar to the late-schizont motif, all motifs have a signiﬁcant position 
preference relative to the translation start site. The same motifs that are correlated with ex-
pression in the Bozdech data set also correlate with expression in the LeRoch data set. Both 
data sets describe asexual intra-erythrocytic blood stages. The LeRoch data set describes 
three additional parasite life stages, enabling the discovery of additional motifs. 
Functional signiﬁcance of discovered motifs
In the absence of large amounts of experimental data on transcription-factor-binding sites 
in P. falciparum, we used other data and randomizations to asses the functional signiﬁcance 
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of the discovered motifs. 
First, we examined the robustness of our results by applying other strategies to ﬁnd 
cis-regulatory motifs. Rather than examining co-expressed genes, we analyzed upstream 
regions of genes with similar functions (occurring in one pathway as deﬁned by the Kyoto 
encyclopedia of genes and genomes (KEGG) data base (Ogata et al., 1999)), we combined 
them with the upstream regions of their orthologs in P. y. yoelii and used those as input sets 
for AlignAce to detect over-represented motifs. These motifs are clustered and correlated 
with expression patterns. Logos (Crooks et al., 2004) of motifs with the greatest correla-
tions with expression are shown in Table 2 of the Supplementary Material. We found similar 
motifs with this approach, conﬁrming the functional relevance of the discovered motifs. A 
few forms of the T(G/A) repeat (motif 15, 17, 18 and 27), the two diﬀerent AT-rich repeats 
[poly(dAdT), motif 28; oligo(dA)oligo(dT) repeat, motif 13] and the poly(dG)poly(dA) motif 
(motif 14) seem to regulate a functionally coherent set of genes. However, the variation that 
can be explained by these motifs is less than that explained by motifs in clusters of co-ex-
pressed genes (Figure 5.3a).
Second, we found that simpler methods do not give better or even as good results as 
our approach. We performed an exhaustive search for oligomers, up to 7 nt in length, in the 
upstream regions of P. falciparum and examined their predictive value. These oligomers gave 
a lower correlation with the expression data than the over-represented motifs; for example, 
the top scoring oligomer, GACCGC, only has a maximum r2 value of 0.0125, whereas our top 
scoring motif (motif 3) has a score of 0.108. 
Third, to examine the value of including the upstream regions from the second species 
in the study, we repeated the analysis without P. y. yoelii, by ﬁrst determining over-repre-
sented motifs in upstream regions of P. falciparum and then examining their correlation with 
gene expression. This resulted in motifs that were not correlated with the expression data 
(Figure 5.3a), underscoring the value of combining sequence conservation with co-expres-
sion data in determining regulatory elements. 
Finally, we veriﬁed that the statistical signiﬁcance of the correlations of motifs with 
mRNA expression corresponds to a real signal in the upstream regions of genes and not to 
other biases in intergenic regions of P. falciparum by randomizing our data. All expression 
proﬁles were randomly reassigned to the genes, eﬀectively detaching upstream regions of 
genes from the gene expression data. Next, we re-clustered the genes according to their new 
expression proﬁles and repeated the motif discovery procedure. This resulted in sequence 
motifs that had little correlation with the (still randomized) expression proﬁles (Figure 
5.3a), indicating that in the Plasmodium genome there are DNA sequences in the upstream 
regions of genes that correlate with mRNA expression. Whether these DNA sequences are 
transcription-factor-binding sites will have to be solved experimentally. It is possible that 
the sequence elements are related to mRNA stability or chromosome accessibility. 
Combinatorial gene regulation
To elucidate the paradox of the small number of regulators encoded in the Plasmodium ge-
nome, we counted the number of regulatory elements (motif clusters that correlate signiﬁ-
cantly with expression) per gene for yeast and Plasmodium (Figure 5.3b). Most Plasmodium 
genes have four or ﬁve diﬀerent regulatory elements in their upstream region. This contrasts 
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strongly with the situation in yeast, where most genes are regulated by only one or two 
regulators (Figure 5.3b). Chromatin immunoprecipitation (ChIP-on-chip) data from Plasmo-
dium are not yet available, therefore, we chose to compare the distribution of regulators per 
gene with the results of a similar computational method in yeast (Figure 5.3b). ChIP-on-chip 
data also show that the vast majority of yeast genes have only one regulator binding to their 
promoter region (Lee et al., 2002). However, in Plasmodium it seems that fewer regulators 
are used in diﬀerent combinations of ﬁve elements per promoter to obtain the same level of 
diversity in expression proﬁles. A simple calculation shows that with ten regulatory pro-
teins and ﬁve elements per gene, (10 choose 5) = 252 diﬀerent combinations can be made. If 
promoter sequences contain only one regulatory element, then 252 instead of ten regulatory 
proteins would be needed to obtain the same number of expression proﬁles. If they contain 
two elements per gene, then 23 regulatory proteins would be needed. 
The most abundant combination of regulatory elements is 1+4+8+10+11, a combina-
tion of elements some of which have opposite eﬀects on gene expression. For example, mo-
tifs 1 and 4 have opposite eﬀects in all experiments (Table 1 in the Supplementary Material) 
and 775 genes have a combination of these motifs. This leads to the hypothesis that Plasmo-
dium uses combinatorial eﬀects of gene regulators, exploiting the possibilities of the rela-
tively few regulators that it possesses (Coulson et al., 2004). Instead of using one regulatory 
protein for each expression proﬁle, diﬀerent combinations of regulators are employed to 
obtain a variety of expression proﬁles. Experimental results support this hypothesis. First, 
studies of the promoter of GBP130 showed that this gene was most likely to be regulated 
by multiple, possibly diﬀerent nuclear factors (Horrocks and Lanzer, 1999). Furthermore, a 
study of var genes showed that silencing occurs through the cooperative action of multiple 
Figure 5.3 |  Regulatory motifs in Plasmodium falciparum. (a) The variation in gene expression that can be explained by mo-
tifs. For each experiment (shown on the x-axis), we calculated the total amount of variation (r2) in expression levels in the Bozdech 
data set that can be explained by motifs identiﬁed using four diﬀerent methods [motifs found with the procedure as depicted in 
Figure 1 (unbroken line); motifs found without conservation (dotted line); motifs found using KEGG pathways (dashed line); motifs 
found with upstream regions and expression proﬁles randomized relative to each other (dot-dashed line)]. The greatest level of 
variation that can be explained by motif scores was obtained by the regulatory-element-detection method that integrates both 
mRNA expression and evolutionary sequence conservation. (b) The number of regulators per gene. In yeast, the number of unique 
oligomers correlating with expression was obtained from (Bussemaker et al., 2001) and counted in 1000-bp regions upstream of 
yeast genes that do not overlap with coding regions (grey). For Plasmodium, the number of diﬀerent motifs that correlated signiﬁ-
cantly with expression was counted in 1000-bp regions upstream of Plasmodium falciparum overlapping genes (white).
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sequence elements (Deitsch et al., 2001). Finally, a study of the Polδ promoter revealed re-
gions that have both positive and negative eﬀects on gene expression (Porter, 2002). 
Concluding remarks
We have identiﬁed DNA motifs in the upstream regions of Plasmodium falciparum genes 
that signiﬁcantly correlate with mRNA expression. To ﬁnd these motifs it was necessary to 
integrate phylogenetic footprinting techniques with the over-representation of motifs in 
co-expressed genes. The results provide an explanation for the paradox between the large 
variation in P. falciparum gene expression and the reported paucity of speciﬁc transcription 
factors. It can be explained by a combinatorial mode of gene regulation, in which every gene 
is regulated by multiple factors. Our results suggest that this is the general mode of tran-
scriptional regulation in Plasmodium; that is combinations of regulatory motifs contribute to 
overall promoter activity. 
Materials and Methods
Co-expression clusters
For two mRNA expression datasets (Bozdech et al., 2003; Le Roch et al., 2003) correlation 
coeﬃcients between all gene-pairs were calculated based on the log ratio expression values. 
The correlations per expression dataset were renormalized to coeﬃcients between 0 and 1. 
Subsequently the two coeﬃcients per gene pair arriving from two datasets were multiplied 
with each other in order to obtain a single expression similarity score for each gene pair. 
Average linkage hierarchical clustering was applied and gene clusters were identiﬁed using 
a cut-oﬀ. We chose the cut-oﬀ such that we obtained 20 clusters of at least 20 genes. Only 
clusters of at least 20 genes were considered for further analysis.
Orthologs
Protein sequences of P. falciparum and P. y. yoelii were downloaded from PlasmoDB(Bahl et 
al., 2003). Smith-Waterman searches(Bahl et al., 2003) of all P. falciparum proteins were 
done against all P. y. yoelii proteins. The hits with the lowest E-value were determined “Best 
Hits”. Orthologs were assigned by taking Bidirectional Best Hits between the two protein 
sets. In case of two Best Hits with the same E-value, two proteins from one species were as-
signed orthologous to one protein from another species. In this way, orthologous relations 
were assigned between 3998 P. falciparum proteins and 4036 P. y. yoelii proteins.
Motif detection
The genomes and genome annotations of P. falciparum and P. y. yoelii were obtained from 
PlasmoDB(Bahl et al., 2003). For the genes in the 20 co-expressed clusters, upstream re-
gions of 1kb were selected. In case of overlap with annotated protein coding genes, only the 
non-coding part was taken. In the same manner upstream regions of orthologs in P. y. yoelii 
were obtained. Upstream regions of co-expressed genes together with upstream regions of 
their orthologs were used as input for the AlignAce program(Hughes et al., 2000; Roth et al., 
1998), that ﬁnds overrepresented motifs by a Gibbs sampling algorithm. The default param-
eters were used, except for the GC content which was set to 0.2; the average GC content of 
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P. falciparum and P. y. yoelii noncoding DNA. The upstream regions of all P. falciparum genes 
were scanned for presence of the resulting motifs using ScanAce with GC content set to 
0.13 (the GC content of P. falciparum) and standard deviation of 1. The maximum number 
of returned sites was set such that all matches of motifs in upstream regions were returned. 
ScanAce returns alignment scores with all motifs for each match. Using the diﬀerent co-ex-
pression clusters, we found 187 overrepresented motifs. Similarity between these motifs 
was calculated using CompareAce, that returns the highest Pearson correlation (c) between 
pairs of motifs. Similar motifs (c > 0.7) were clustered together resulting in a total of 79 
motif clusters. We obtained one score for each gene by taking the highest ScanAce score with 
a particular motif cluster for that gene, resulting in a scoring matrix of 5334 genes by 79 
motifs.
Motif signiﬁcance
To obtain motifs with independent correlations with the expression data, we used the mul-
tivariate regression approach with forward motif selection used in REDUCE(Bussemaker 
et al., 2001), using the set of matrices discovered by our conservation-based procedure as 
input rather than all oligonucleotides up to a given length and replacing motif counts by 
motif scores (See Motif detection). The correlation between motif score and expression level 
was calculated for all expression data points in both datasets. The correlation of the most 
signiﬁcant motif was subtracted from the expression data, after which correlations between 
motifs and expression data were recalculated. The correlation is transformed into a T-val-
ue   where G is the number of genes and r the Pearson correlation. P-values were 
calculated using the Bonferroni correction to compensate for multiple testing. We included 
motifs until P > 0.01 of the most signiﬁcant motif. 
Time-courses of motifs
Time courses (T-values) were calculated for all signiﬁcant motifs for all datapoints. If the 
motif scoring data would be presence/absence this would result in the average proﬁle of all 
genes bearing the motif, but in this case proﬁles of genes that score higher on the motif get 
a higher weight in calculating the average proﬁle. 
Position preference
The probability of observing m or more sites out of a possible t in a 50 bp window of a 1000 
bp region is determined by the formula:
  
where w = 50 and s = 1000 (Hughes et al., 2000). 
Conservation score
A conservation score is calculated by dividing the number of P. falciparum genes in a co-ex-
pression cluster that contain a speciﬁc motif of wich the ortholog in P. yoelii also contains 
the motif by the total number of P. falciparum genes in a co-expression cluster that contain a 
speciﬁc motif and have an ortholog in P. yoelii. Conservation scores are given in Table 1 and 
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Table 2. In parentheses is the total number of P. falciparum genes in a co-expression cluster 
that contain a speciﬁc motif and have an ortholog in P. yoelii. For randomized orthology 
relations  86% of the conservation scores are 0, the maximum random conservation score is 
0.16. 
Total variation explained by motifs
For each experiment (x-axis) the total amount of variation (r2) in expression levels in te 
Bozdech dataset that can be explained by motif scores is given for motifs found using up-
stream regions of both P. yoelii and P. falciparum in co-expression clusters; with the same pro-
cedure but without taking the upstream regions of P. y. yoelii into account; for motifs found 
using upstream regions of falciparum and yoelii genes that are together in KEGG pathways; 
with the procedure including sequence conservation but with upstream regions and expres-
sion proﬁles randomized relative to each other. 
Number of regulators per gene
For yeast, the number of unique oligomers correlating with expression were taken from 
ref (Bussemaker et al., 2001) and counted in 1000 bp upstream regions of yeast genes not 
overlapping with coding regions. Genes with upstream regions that overlapped completely 
with coding regions were not considered. For Plasmodium, the number of diﬀerent motifs 
signiﬁcantly correlating with expression (12 motifs from Table 1) were counted in 1000 bp 
upstream regions of Plasmodium falciparum genes not overlapping with coding regions.
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Abstract
In the post-genomic era various functional genomics, proteomics and computational 
techniques have been developed to elucidate the protein interaction network. While some 
of these techniques are speciﬁc for a certain type of interaction, most predict a mixture of 
interactions. Currently no method exists that can speciﬁcally ﬁnd proteins that function 
in the same metabolic pathway without also retrieving proteins that are part of the same 
protein complex. We here ﬁll this gap by constructing an “omics evidence landscape” that 
combines all sources of evidence for protein interactions from various types of omics data. 
We explore this evidence landscape to identify areas with only metabolic or only physical 
interactions, allowing us to speciﬁcally predict the nature of new interactions in these areas. 
The information from the evidence landscape, allows us to survey a protein interaction 
network of Saccharomyces cerevisiae with qualitative information about the interactions.
Introduction
Genome sequencing projects have resulted in the listing of all the protein coding and RNA 
genes for a large number of organisms. To determine which of these genes function to-
gether, interaction networks have been elucidated using a plethora of omics (genome-scale) 
techniques. However, for the biological interpretation of such networks and the prioritiza-
tion of experimental veriﬁcation, we do not only need to know whether proteins interact, 
but also how they interact.
The most straightforward type of interaction is a physical interaction in which two pro-
teins actually bind to each other. Physical protein interactions have been studied by genetic, 
biochemical and biophysical techniques, but also by high-throughput interaction-detection 
methods. Enormous amounts of data have been collected by yeast-2-hybrid assays (Ito et al., 
2001; Uetz et al., 2000) and complex puriﬁcation methods (Gavin et al., 2006; Gavin et al., 
2002; Ho et al., 2002; Krogan et al., 2006). More qualitative information on the nature of 
physical interactions of so-called hub proteins was collected by overlapping the interactions 
with co-expression data (Han et al., 2004).
Another type of interaction exists between proteins that are part of the same pathway. 
In this interaction the proteins do not directly bind to each other but, for example, pass 
metabolites or information to each other. Metabolic interactions, in which proteins are part 
of the same metabolic pathway, are the clearest exponent of these pathway interactions. No 
method exists that exclusively detects metabolic interactions, even though they are detected 
by certain methods together with other interactions. Correlated messenger RNA expression 
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Figure 6.1 | Score-accuracy plots of individual datasets. On the x-axis is the score for that data set, on the y-axis the ac-
curacy. Data were binned, bins were chosen such that each bin contains at least ﬁve gene pairs. The green lines indicate the total ac-
curacy, meaning the total number of True Positives divided by the total number of True Positives plus False Positives in that bin. The 
red lines indicate the accuracy on the protein complex reference set, being the number of True Positives in the complex reference 
set divided by the number of True Positives and False positives in both reference sets. The blue lines indicate the accuracy on the 
metabolic reference set, being the number of True Positives in the metabolic reference set divided by the number of True Positives 
and False positives in both reference sets. a Correlated mRNA expression (CoExp) b Shared binding of transcription factors (Trans-
Fac) c Co-regulation (TransFac*CoExp) d Conserved co-expression between four species (CoExp4Sp) e conserved co-expression 
between two species (CoExp2Sp) f Paralogous conserved co-expression (CoExpPar) g Gene neighborhood conservation (GenNeigh) 
h Correlated phylogenetic proﬁles (CoOcc) i Shared genetic interactions (GenInt) j Protein-protein interactions (Gavin) k Protein-
protein interactions (Krogan) For j and k the protein-pairs that are never co-puriﬁed and thus have a socio-aﬃnity score of 0 are in 
bin 0.2.
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Figure 6.2 | Diﬀerential accuracy in the evidence landscape. In each panel the x-axis indicates the score in the ﬁrst dataset, 
the y-axis the score in the second set. The color scheme is based on Diﬀerential Accuracy, being the accuracy on the metabolic 
reference set minus the accuracy on the protein complex reference set. Diﬀerential Accuracy 1 is dark blue, 0 is yellow and -1 is red, 
parts that contain no gene pairs are white. The blue parts of the landscapes are regions were there are only metabolic interac-
tions, whereas in the red parts there are only physical interactions. a Protein-protein interactions (Krogan) versus Protein-protein 
interactions (Gavin). b Protein-protein interactions (sum Krogan Gavin) versus conserved co-expression (CoExp2Sp). c Protein-pro-
tein interactions (sum Krogan Gavin) versus co-regulation (TransFac*CoExp). d Protein-protein interactions (Krogan) versus Gene 
neighborhood conservation (GenNeigh). e Gene neighborhood conservation (GenNeigh) versus Co-regulation (TransFac*CoExp). 
f Protein-protein interactions (Gavin) versus Co-regulation (TransFac*CoExp). g Correlated phylogenetic proﬁles (CoOcc) versus 
gene neighborhood conservation (GenNeigh). h Gene neighborhood conservation (GenNeigh) versus conserved co-expression 
(CoExp2Sp). i Paralogous conserved co-expression (CoExpPar) versus conserved co-expression (CoExp4Sp).
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proﬁles and genetic interaction data (Tong et al., 2004), as well as gene fusion, conserved 
gene neighborhood and gene co-occurrences or phylogenetic proﬁles are indicative of both 
physical as well as metabolic interactions (Huynen et al., 2000; Jensen et al., 2004; Kel-
ley and Ideker, 2005). Metabolic interactions can also be predicted together with physical 
interactions from integrated co-expression data between species (Stuart et al., 2003; van 
Noort et al., 2003) or from the integration of co-expression with the sharing of transcription 
factors (Snel et al., 2004).
The plethora of omics data sets that are available have been successfully integrated in 
order to reduce experimental noise and obtain reliable predictions about protein-protein 
interactions (Beyer et al., 2006; Huynen et al., 2004; Jansen et al., 2003; Joyce and Palsson, 
2006; Troyanskaya et al., 2003; von Mering et al., 2003). The retrieval of qualitative infor-
mation on the nature of the interactions has received little focus, despite the usefulness 
of such qualitative information for the biological interpretation of interactions. We here 
present an integration that does diﬀerentiate one type of interaction from another, allowing 
such qualitative interpretation of the predicted interactions between proteins. 
We choose to integrate omics data sets for the budding yeast S. cerevisiae because of the 
availability of both many high quality genomics data as well as classical knowledge about its 
protein functions. To be able to distinguish physical interactions from metabolic ones we 
construct two separate reference sets: one for physical interactions and one for metabolic 
interactions. We study how well in silico interactions; correlated expression, shared tran-
scription factors and genetic interactions serve to predict either type of interaction. Subse-
quently, we combine the information from in silico predictions, functional genomics data 
and protein interaction assays into evidence landscapes. In these landscapes we identify 
regions that are populated solely by physical or by metabolic interactions, allowing speciﬁc 
prediction of the nature of interactions between proteins.
Results
Performance of individual datasets on diﬀerent reference sets
To distinguish metabolic interactions from physical interactions, we ﬁrst investigate wheth-
er there are omics data that are typical for either of the two and therewith provide evidence 
for speciﬁc types of interactions. For various types of omics evidence we calculate the pre-
diction accuracy for either physical or metabolic interactions (Figure 1), by comparing the 
predicted interactions with reference sets of either metabolic or physical interactions. Obvi-
ously, metabolic pathways contain multimeric enzyme complexes, but we do not score the 
intra-complex interaction of these as positives or as negatives in our metabolic reference. We 
do however consider the links between these enzymes and other enzymes from the pathway 
as metabolic interactions. Metabolic accuracy is then calculated as the total number of true 
metabolic interactions divided by the sum of the true and false metabolic and the true and 
false physical interactions. Physical accuracy is calculated as the total number of true physi-
cal interactions divided by the total number of true and false physical and the true and false 
metabolic interactions.
Exploration of the omics evidence landscape to distinguish metabolic from physical interactions • 73
For each omics evidence type such as the correlation in the expression level of two 
genes, we calculate whether at a given score the interactions are metabolic, physical, or 
non-existent. The likelihood of physical interaction increases similarly to the likelihood of 
metabolic interactions for “simple” gene expression data, as well as for combinations of gene 
expression data between species or the combination of gene expression data with transcrip-
tion factor binding data (ChIP-on-chip) (Figure 1, panel a to f). These data are therefore not 
speciﬁc for either metabolic or physical interactions. In contrast, for gene neighborhood the 
speciﬁc accuracy depends on the score: a very high level of gene neighborhood conservation 
is speciﬁc for physical interactions whereas a lower, but still signiﬁcant level of gene neigh-
borhood conservation is indicative of a metabolic interaction (Figure 1, panel g). The highest 
metabolic accuracy in this set is 0.83, at a neighborhood conservation score where the physi-
cal accuracy is 0.17. This dataset therefore contains some speciﬁcity about the type of inter-
action. Correlated phylogenetic proﬁles (panel h) show a similar, but less pronounced trend 
of diﬀerential speciﬁcity. Finally, we observe speciﬁcity for physical interactions not only in 
datasets where physical interaction was measured directly (panel j and k), but surprisingly 
also in one that contains the number of shared genetic interactions between proteins (panel 
i). For the protein complex puriﬁcations by Gavin (Gavin et al., 2006) and Krogan (Krogan et 
al., 2006) (panel j and k) it was of course expected that a high score in either of these sets is 
indicative for a physical interaction. Still, it is reassuring that these data are consistent with 
the metabolic interaction and physical interaction reference sets. Concluding, we can speciﬁ-
cally predict physical interactions based on high quality protein-protein interaction screens 
and on shared Genetic Interactions. The ability to distinguish metabolic interactions is in 
fact the real challenge.
The evidence landscape: distinguishing metabolic from physical interactions.
Based on the observation that an intermediate score in gene neighborhood conservation is 
more indicative of a metabolic interaction than a high score (Figure 1g), we explore all pair-
wise combinations of high, intermediate and even null scores in pairs of genomics evidence 
types. We call these combinations of omics data “evidence landscapes”, surfaces on which 
the x and y coordinates represent the scores of two types of genomics data, while the z coor-
dinate represents a property of interest. We test the areas in these evidence landscapes for 
their speciﬁcity in reﬂecting either metabolic or physical interactions. In order to determine 
for a given region in the evidence landscape how well it predicts either type of interaction 
we deﬁne the diﬀerential accuracy. Diﬀerential accuracy is computed by subtracting the 
physical interaction accuracy from the metabolic interaction accuracy. This means that if a 
region scores equally well in both reference sets (be it very poor or very well) it has a zero 
diﬀerential accuracy, reﬂecting the inability of this region to diﬀerentiate between metabolic 
and physical interactions. However, if it is very accurate in predicting metabolic relations but 
unable to accurately predict physical interactions it has very high diﬀerential accuracy and, 
vice versa, a very negative value reﬂects speciﬁcity for physical interactions. 
Figure 2 shows the diﬀerential accuracy in a representative selection of these evidence 
landscapes. The comprehensive collection of all evidence landscapes is available at our web-
page (www.cmbi.ru.nl/~vvnoort/LANDSCAPE). Panel a shows the evidence landscape of the 
two TAP-TAG protein-protein interaction datasets (Gavin et al., 2006; Krogan et al., 2006). 
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Despite the very high quality of both data sets, they are not completely comprehensive: 
each data set identiﬁes interactions with a high Socio-aﬃnity (Gavin et al., 2006) (SA) score 
between proteins that in the other assay were never co-puriﬁed, but which are true interac-
tions in the physical interaction reference set. An SA score of 5 (bin 0.4) in only one of the 
two assays is not enough to predict a reliable physical interaction, however if the protein 
pair has an SA score of 5 in both sets it is a reliable prediction. So in fact the two assays 
complement each other. That is why in panel b and c we used the sum of the two SA scores 
for the evidence landscape. In these panels bin 0.2 contains all protein-pairs that were puri-
ﬁed in both assays but never co-puriﬁed. Gene pairs with high orthologous conserved co-ex-
pression that were never co-puriﬁed are purely metabolic interactions (the upper left corner 
of Figure 2 panel b). We also observe this for co-regulated gene pairs (panel c). Indeed, we 
are now able to predict purely metabolic interactions by taking gene pairs that have a null 
score in the physical interaction set and positive in co-expression or co-regulation. Overlap-
ping gene-pairs that are null scoring in the physical interaction datasets with gene pairs with 
an intermediate score of gene neighborhood or correlated phylogenetic proﬁles also yields 
purely metabolic interactions. 
What we have observed in Figure 1 is that intermediate scores in correlated phyloge-
netic proﬁles and gene neighborhood conservation are relatively often indicative of meta-
bolic interactions. The evidence landscape of these two has speciﬁc metabolic interactions in 
intermediate scores of both sets (panel g). Thus, not only do we ﬁnd purely metabolic inter-
actions from gene pairs that score null in protein-protein interaction datasets, we also ﬁnd 
them in overlaps with intermediate scoring parts of other evidence types.
A cellular network that diﬀerentiates between physical interactions and 
functional associations
We extracted a list of predicted metabolic and physical interactions by taking all gene pairs 
from areas where the diﬀerential accuracy is either higher than 0.95 or lower than -0.95. 
This allows us to display a network of physical (red) and metabolic (blue) interactions (Figure 
3a). Network visualizations are generally more open to biological interpretation than long 
lists of potential interactions. It is directly clear from the network layout that physical inter-
actions are more clustered than metabolic interactions. The clustering coeﬃcient (fraction of 
indirectly connected proteins that are also directly connected) of physical interactions (0.53) 
is much higher than the clustering coeﬃcient of metabolic interactions (0.031). The incom-
pleteness of the metabolic network relative to the physical interaction networks may bias 
this diﬀerence. However, the average number of connections per protein (K) is only twice 
as high for physical interactions (4.1) as for metabolic interactions (2.0) and  the diﬀerence 
in clustering coeﬃcients appears at least partly due to intrinsic diﬀerence between physical 
and metabolic interaction networks. 
Several metabolic pathways are completely retrieved, like the Arginine and the Threo-
nine biosynthesis pathways that are only connected by predicted metabolic interactions 
(blue lines). The Arginine biosynthesis pathway is depicted in Figure 3b. We ﬁnd many 
known physical protein complexes as clusters densely connected by red lines as has been 
previously shown in many integrative bioinformatics studies (Han et al., 2004; Newman, 
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Figure 6.3 | Network of diﬀerentially predicted interactions. a The 
network of interactions in yeast that are speciﬁcally predicted to be physical 
(red lines) or metabolic (blue lines). We took all gene pairs that fell into squares 
(Figure 2) with a diﬀerential accuracy larger than 0.95 and at least ﬁve True Posi-
tive metabolic interactions for the speciﬁc metabolic interactions. We selected 
all gene pairs that fell into squares with diﬀerential accuracy smaller than -0.95 
and at least ﬁve True Positive physical interactions for the speciﬁc physical 
interactions. Names of several known complexes and metabolic pathways are 
indicated on the network. 
b The Arginine biosynthesis pathway in yeast. Names of the enzymes are in or-
ange, arrows indicate biochemical reactions. Blue lines indicate all interactions 
that exist for these genes. Note that ECM40 catalyzes two steps in this pathway 
but the interactions with the other genes are drawn only once.
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2006; Palla et al., 2005; Troyanskaya et al., 2003). Interestingly, we now also observe the 
pathway interactions that exist between them. For example, in the upper right corner is the 
oxidative phosphorylation pathway. Members of the same complex have red lines (physical 
interactions) between them, whereas members of diﬀerent complexes have blue lines (meta-
bolic interactions) between them. Even though we derived the metabolic pathway interac-
tions by identifying the regions in the landscapes that scored high in a metabolic reference 
set we still expect this class in addition to be general for other functional associations from 
other types of cellular pathways. Therefore the blue lines between e.g. the exosome and the 
small nucleolar ribonucleoprotein complex are not necessarily metabolic like in the case of 
the oxidative phosphorylation pathway, but rather other types of functional associations. 
Likewise, the oxidative stress cluster contains interactions between thioredoxin reductases 
and glutaredoxins. These proteins are, as far as is known, not part of the same pathway in 
the sense that they pass e.g. reducing equivalents to each other, but they are part of the 
same system. 
Discussion
When predicting interactions between genes it is essential to specify the type of interac-
tion that is predicted to allow biological interpretation. Some data-types are already speciﬁc 
to the type of interaction, e.g. ChIP-on-chip data of transcription factors is indicative for 
regulatory interactions and co-puriﬁcations are speciﬁc for physical interactions. However, 
co-regulation, correlated expression, shared genetic interactions and in silico interactions 
are not intrinsically speciﬁc to any type of interaction. Here we have shown that although 
some datasets do contain a high level of metabolic interactions at intermediate scores, it is 
not possible to reliably predict metabolic interactions from them. However by combining the 
datasets in ways that examine the whole evidence landscape and not only the highest scor-
ing protein pairs in both datasets, e.g. by taking protein-pairs that are evolutionarily con-
served co-expressed but that never co-purify in two comprehensive protein-protein interac-
tion datasets we can predict metabolic interactions. 
It is perhaps logical in hindsight that we detect metabolic interactions in areas where 
both proteomic approaches report no co-puriﬁcation while there are strong indications for 
co-regulation, but there are some important implications. We should not only use integra-
tions based on the top scoring proteins but also use non-scoring proteins. For the co-puri-
ﬁcation data this implies that the absence of a reported interaction is in fact the reﬂection 
of a cellular reality: in other words we need physical protein interaction data sets where the 
negatives are really true negatives rather than the absence of results. Although the com-
parison of the Gavin and Krogan co-puriﬁcation data reveals that both data sets still harbor 
some false negatives, a combined data set of both comes close to having the perfect prop-
erties for our objective, and it is only since the publication of these data that a diﬀerential 
genomics approach as proposed here has become possible.
Another contribution in distinguishing metabolic from physical interactions comes 
from diﬀerential rates of evolution. We could not obtain the same level of diﬀerential accu-
racy for the prediction of metabolic interactions in landscapes with the conserved co-expres-
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sion set of Stuart and co-workers (2003) as with a two-species orthologous conserved co-ex-
pression (van Noort et al., 2003), because the ﬁrst predicts mainly physical interactions. As 
the conserved co-expression set of Stuart is based on four species and the other one only on 
two, we speculate that metabolic interactions are less conserved in evolution than physical 
interactions, which is consistent with results on the evolutionary modularity of metabolic 
pathways and protein complexes in biological systems (Snel and Huynen, 2004). The higher 
rate of evolution of metabolic interactions also explains that a very high level of conserva-
tion of gene neighborhood conservation or correlation of phylogenetic proﬁles indicates a 
physical interaction whereas intermediate levels are more indicative of metabolic interac-
tions.
It is of course tempting to combine more than two types of omics data. There are how-
ever two reasons why we here explore pairs of evidence types rather than to explore the mul-
tidimensional evidence landscape given by all evidence types simultaneously. Firstly, visual 
inspection of diﬀerential accuracy plots is still possible in two dimensions but becomes more 
troublesome in higher dimensions. Secondly, and more importantly, overlapping all evidence 
types at the same time results in very small numbers of protein pairs in each multidimen-
sional volume in the reference sets, which in turn hampers the reliable calculation of predic-
tion accuracy. 
Protein relations predicted by our computational integration should be less laborious 
to experimentally test, because they prioritize the usability of various assays for biochemical 
veriﬁcation. For example, it would be disingenuous to verify our metabolic relations by CoIP. 
In general, we expect that novel ways of integration and the advent of more and more types 
of omics data will allow the further development of approaches to increase the speciﬁcity 
and to extract more qualitative data on the nature of protein interactions.
Methods
Evidence types
Protein-protein interactions. We downloaded the yeast protein complex-puriﬁcations 
published by Gavin and co-workers (2006) and recalculated the Socio-aﬃnity scores that 
reﬂect the likelihood of interaction to include also proteins that were puriﬁed only once. 
Protein pairs that are never co-puriﬁed but are both puriﬁed at least once get a socio-aﬃnity 
score of zero. We also downloaded the protein complex-puriﬁcations of Krogan and co-work-
ers (2006). These authors produced a diﬀerent interaction score per protein pair, which was 
optimized to overlap with MIPS protein complexes. To have a reference set-independent 
score we calculated Socio-aﬃnity scores based on the puriﬁcations of Krogan. Protein pairs 
that were never found together in a puriﬁcation but were puriﬁed at least once were given a 
score of zero. As a third set we took the sum of Socio-aﬃnity scores of all protein pairs oc-
curring in both protein-protein interactions datasets.
In silico predictions of functional interactions were obtained from the database of 
STRING (von Mering et al., 2003). From this database we took the co-occurrence scores 
based on phylogenetic proﬁles of COGs and gene neighborhood conservation also based on 
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COGs. The scores were transferred from pairs of COGs to pairs of S. cerevisiae genes. If more 
than three yeast genes belonged to the same COG the score was considered ambiguous and 
was removed from the dataset. 
Conserved co-expression. We used two multi-species conserved co-expression data-
sets; co-expression conservation between human, yeast, ﬂy and worm (Stuart et al., 2003) 
and between yeast and worm (van Noort et al., 2003). We used also co-expression conserva-
tion between pairs of paralogs (van Noort et al., 2003) in yeast. For the two-species conser-
vation we took the maximum expression correlation of all pairs of orthologs and averaged 
this maximum with the expression correlation of the gene-pair itself. For paralogous con-
servation we took the maximum expression correlation between all parallel duplicated gene 
pairs and averaged this maximum with the expression correlation of the gene-pair itself.
Co-regulation is assessed by combining correlated mRNA expression proﬁles with 
similarity in bound regulators to the gene promoter. Rick Young’s lab made a comprehensive 
survey of the gene regulatory network in yeast (Harbison et al., 2004). We took a cut-oﬀ of 
0.01 for binding of a transcription factor to a promoter based on the raw ChIP-on-chip data 
and divided the number shared transcription factors between two genes Ni,j by the geomet-
ric average of the total number of transcription factors bound by each of the two genes T 
resulting in co-regulation score Sij. 
 
Gene pairs that share a promoter were excluded. To increase the reliability of the co-
regulation signal, we multiply the correlation in binding proﬁle by the correlation in mRNA 
expression proﬁle based on a large-scale expression dataset in yeast (Stuart et al., 2003) i.e. 
Snew ij = rij *Sij where rij is the expression correlation of gene i and j.
Synthetic lethality. A set of synthetic lethal and synthetic sick interactions were down-
loaded from the Saccharomyces Genome Database (http://www.yeastgenome.org/). It was 
found earlier that genetic interactions (Tong et al., 2004) on their own are only marginally 
useful for predicting direct interactions, but shared genetic interactions do indicate involve-
ment in similar pathways (Ozier et al., 2003). We corrected the number of shared genetic 
interactions Ni,j by the geometric average of total interactions T per protein exactly the 
same as the co-regulation score.
Reference sets
We downloaded known complexes from MIPS (Mewes et al., 2002) and removed all catego-
ries containing the terms ‘other’ or ‘predicted’. We took complexes at the lowest level of 
deﬁnition. Protein pairs that are in the same complex are positive examples, protein pairs 
that are in diﬀerent complexes are negative examples. The positive and negative examples 
constitute the physical interaction reference set.
From the KEGG database (Kanehisa et al., 2004) we took all metabolic maps with indi-
ces smaller than 2000. Maps with higher index are not metabolic and contain other process-
es including many that consist of a single protein complex. Positive examples are all protein 
pairs that co-occur on a metabolic map, negative examples are all protein pairs that do not 
co-occur on a metabolic map but are nevertheless present in the metabolic maps of KEGG. 
In order to not have any physical interactions in our metabolic reference set, we removed 
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all protein pairs with the same EC number and removed all protein pairs that are part of 
the same complex according to SGD/GO annotation (Ashburner et al., 2000; Dwight et al., 
2002) or MIPS. Together the positive and negative examples form the metabolic interaction 
reference set.
Cytoplasmic ribosomal proteins were removed from all reference sets and datasets. 
As they confer very many pair-wise interactions, including them would bias the statistics 
towards ribosomes.
Accuracy and diﬀerential accuracy
The conserved co-expression values of the Kim lab (Stuart et al., 2003) were rescaled by 
transforming the -log(P value) to scores between 0 and 1, such that high scores correspond 
to more likely interactions. All other scores were rescaled to scores between 0 and 1 by a 
linear transformation. In the score-accuracy plots for each set a binning was made with bin 
width 0.025, bins containing fewer than ﬁve gene pairs were added to the preceding bin to 
avoid small number statistics. In the evidence landscape plots, we plot two data sets against 
each other in a heat map like fashion and color squares according to their diﬀerential accu-
racy (see below). Squares were made with sides of 0.05, if a square contained fewer than two 
True Positives a larger square with sides 0.1 was made to avoid high accuracies based on very 
few examples.
Physical interaction accuracy (A phys) was calculated as the number of True Positives 
of the physical interaction reference set divided by the number of True Positives plus False 
Positives of both reference set sets in that bin. Metabolic interaction (A meta) accuracy was 
calculated as the number of True Positives of the metabolic interaction reference set divided 
by the number of True Positives plus False Positives of both reference set sets in that bin. 
Total accuracy was calculated as the number of True Positives divided by the number of True 
Positives plus False Positives of both reference set sets in that bin. In order to score for a 
given region/square bin in the evidence landscape how well it predicts either type of interac-
tion we compute what we here call the diﬀerential accuracy (A diﬀ). 
Positive 
metabolic
Negative 
metabolic
Positive 
physical
Negative 
physical
Present in bin TP meta FP meta TP phys FP phys
A meta   = TP meta / (TP meta + FP meta + TP phys + FP phys)
A phys  = TP phys / (TP meta + FP meta  + TP phys + FP phys)
A total   =  A meta + A phys
A diﬀ    =  A meta – A phys
Diﬀerential accuracy is computed by subtracting the physical interaction accuracy from 
the metabolic interaction accuracy. This means that if a region scores equally well in both 
reference sets (be it very poor or very well) it has a zero diﬀerential accuracy reﬂecting the 
inability of this region to diﬀerentiate between metabolic and physical interactions. How-
ever, if it is very accurate in predicting metabolic relations but unable to accurately predict 
physical interactions is has very high diﬀerential accuracy and vice versa a very negative 
value reﬂects speciﬁcity for physical interactions. 
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Adding speciﬁcity to predicted interactions
We took all gene pairs that fell into squares with diﬀerential accuracy larger than 0.95 and 
at least ﬁve True Positive metabolic interactions and called them predicted metabolic interac-
tions. We selected all gene pairs that fell into squares with diﬀerential accuracy smaller than 
-0.95 and at least ﬁve True Positive physical interactions and called them predicted physical 
interactions. 
Software
Figure 1 was made using xmgrace (http://plasma-gate.wizmann.ac.il/Grace). The panels of 
Figure 2 were made using R (www.R-project.org). The network of predicted interactions is 
visualized using cytoscape (www.cytoscape.org).
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Summarizing discussion
This thesis focuses on developing comparative genomics methods in eukaryotes, with 
an emphasis on applications for gene function prediction and regulatory element detection. 
In this chapter, I will summarize the main lessons that we have learned from our results and 
provide an outlook on future possibilities of comparative genomics. 
Functional associations in eukaryotes
In the past, methods have been developed to predict functional associations between gene 
pairs in prokaryotes (Huynen and Bork, 1998; Marcotte et al., 1999; Overbeek et al., 1999; 
Pellegrini et al., 1999; Snel et al., 2000). Three diﬀerent methods exist, gene neighborhood 
conservation, gene fusion and gene co-occurrence. The development of these methods has 
been facilitated by a number of conditions. Firstly, the operon structure of prokaryotic 
messenger RNAs makes it easy to identify co-expressed genes directly from the genome 
sequence by ﬁnding genes that are in each others neighborhood. Secondly, a large number of 
prokaryotic genomes have been sequenced. This has made it possible to identify which genes 
are potentially co-expressed throughout a number of organisms (conserved gene-neighbor-
hood), to identify genes that are present and absent in the same organisms (co-occurrence) 
and to identify genes that are fused in some organisms but not in others (gene fusion). 
Finally, most gene families tend to duplicate less often in prokaryotes than in eukaryotes, 
making the deﬁnition of orthology easier in prokaryotes than in eukaryotes where duplica-
tions are ubiquitous. 
The challenge of this thesis was to extend the genomic association methods to eu-
karyotes. In the absence of operon structure in eukaryotes, we need a diﬀerent way to ﬁnd 
co-expressed genes. In two eukaryotic organisms, yeast and worm, large-scale mRNA ex-
pression measurements had been performed using genome chips (Hughes et al., 2000; Kim 
et al., 2001). Co-expressed genes can be found by calculating the correlations between the 
expression proﬁles of individual genes. One challenge in ﬁnding evolutionary conserved 
co-expression is to deﬁne orthologs. For this, we developed a method based on phylogenetic 
trees, that includes the possibility of multiple orthologous relations per gene. The phyloge-
netic tree method cannot easily be extended to more than two species, but recently, we have 
developed a method that is able to detect groups of orthologs in multiple species based on 
phylogenetic trees (van der Heijden et al., 2006). In the future, this method could be used 
for ﬁnding evolutionary conservation of interactions in eukaryotes. We have shown that 
gene pairs that have conserved co-expression are much more likely to act in the same path-
way than random gene pairs or gene pairs that are co-expressed in only one species. In paral-
lel to our work, another method of ﬁnding evolutionary conservation of co-expression was 
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developed by Stuart and co-workers (Stuart et al., 2003). They used Bidirectional Best Hits 
as orthology deﬁnition which yields a much smaller number of yeast genes for which one 
can potentially ﬁnd conserved co-expression than the phylogenetic tree method. Where we 
applied a threshold to the expression correlation, they predicted interactions based on the 
order of gene expression correlations to a query gene. A gene is predicted to interact with 
the query gene if it occurs as top-scoring in the ordered gene lists of four organisms. The 
diﬀerences in methodology also result in diﬀerences in predicted interactions. Our predicted 
interactions are a mixture of physical and metabolic interactions, whereas the interactions 
predicted by Stuart and co-workers mainly of physical interactions. We also applied conser-
vation of interactions to yeast-2-hybrid assays in yeast and ﬂy (Giot et al., 2003; Ito et al., 
2001; Uetz et al., 2000) and revealed a signiﬁcant level of conservation of physical interac-
tions. Again, the conserved interactions proved to be more reliable than the non-conserved 
interactions. In analogy to horizontal gene transfer, which is the transfer of genes between 
species, we call these methods horizontal comparative genomics.
A second method of evolutionary conservation takes advantage of the large number of 
gene duplications in eukaryotes. We start with identifying pairs of genes (A and B) that are 
co-expressed. Then, we investigate whether a pair of paralogous genes exists (A’ and B’) that 
are also co-expressed. We found that pairs of paralogous genes with conserved co-expression 
are also likely to act in the same pathway. Like we have shown for gene co-expression, Deane 
and co-workers (Deane et al., 2002) have shown that physical interactions that are con-
served after parallel gene duplication are also more reliable than unconserved interactions.
A third method to predict functional associations takes the overlap of predicted in-
teractions from multiple data types as was ﬁrst suggested by von Mering and co-workers 
(2002). Expression data on the mRNA and protein level have become available from the 
malaria parasite Plasmodium falciparum (Bozdech et al., 2003; Florens et al., 2002; Lasonder 
et al., 2002; Le Roch et al., 2003). We constructed a full Bayesian network that predicts 
interactions between genes based on co-expression. If an interaction is predicted by co-ex-
pression in three out of four datasets, it is highly likely to be a real interaction. The “con-
servation” of co-expression is now not deﬁned between pairs of paralogous or orthologous 
genes but between functional genomics assays. We coined the term vertical comparative 
genomics to summarize methods that determine conservation between diﬀerent data types 
within a species. As no orthology or paralogy deﬁnitions are necessary for this method, it 
can easily be applied to organisms where multiple sources of functional genomics data are 
available. Another vertical comparative genomics eﬀort was made by constructing a naïve 
Bayesian network to predict physical protein interactions, eﬀectively adding up the log odds 
probabilities of interaction from heterogeneous data sources (Troyanskaya et al., 2003). A 
combination of a naïve and a full Bayesian network is even better at predicting physical in-
teractions (Jansen et al., 2003). A third type of integration is made in the STRING database 
(von Mering et al., 2003), where one ﬁnal probability of an interaction between two genes is 
calculated by multiplying the probabilities that the genes are not interacting as predicted by 
various data sources. 
Summarizing, in this thesis, parallel to other groups, we have developed three diﬀerent 
types of methods that can predict functional associations between gene pairs in eukaryotes; 
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conservation of interactions between orthologous gene pairs, conservation of interactions 
between paralogous gene pairs and conservation of interactions between diﬀerent data 
sources from the same species. 
Adding speciﬁcity to functional associations
Although comparative genomics has been successful in increasing the reliability of protein-
protein interactions that can be predicted from genomics data, it gives no information about 
the type of interaction that is expected to be found. This lack of speciﬁcity can be a hurdle 
when using the functional associations to predict functions for individual proteins and to 
devise experiments to validate the interactions. We have shown that some methods for 
ﬁnding functional associations are speciﬁc to physical interactions whereas others predict a 
mixture of interactions including physical interactions and metabolic interactions. Instead 
of collapsing all predictions into one ﬁnal score, we have found combinations of scores that 
are speciﬁc for either metabolic or physical interactions. The most straightforward combina-
tions are gene pairs that score high in a dataset that is not speciﬁc like conserved co-expres-
sion and low in a physical interaction assay. Other, less intuitive combinations are gene pairs 
with intermediate scores in two datasets that in themselves are not speciﬁc for one type of 
interaction, like gene neighborhood conservation and co-occurrence. Both combinations 
retrieve interactions that are metabolic rather than physical. Thus, by taking only these 
predicted metabolic interactions we are able to retrieve complete metabolic pathways. Using 
such diﬀerential genomics methods, we are able to in parallel retrieve physical interactions 
and metabolic interactions. For example, we retrieved the physical interactions that exist 
within the complexes of the oxidative phosphorylation, as well as the metabolic interactions 
that exist between these ﬁve complexes. 
Regulatory element detection
The simultaneous expression of genes is the result of regulation by the same transcription 
factors amongst others. The binding of these transcription factors is determined by a spe-
ciﬁc DNA sequence. Two distinct methods exist to detect these elements computationally. 
The ﬁrst relies on the conservation of functional elements in multiple species. If a certain 
DNA sequence has some function to regulate the expression of the downstream gene, a 
mutation would harm this function and thus the DNA sequence is expected to be conserved. 
Phylogenetic footprinting (Blanchette and Tompa, 2002) is the method that ﬁnds conserved 
sequences of DNA between upstream regions of orthologous genes and is named after its 
experimental equivalent to ﬁnd the location of binding of regulatory proteins. The second 
method deﬁnes groups of co-expressed genes and ﬁnds DNA sequences that are overrepre-
sented in the upstream regions of these genes but not in other groups (Roth et al., 1998; van 
Helden et al., 1998). We have synthesized these two methods to ﬁnd DNA elements that are 
overrepresented in groups of co-expressed genes in Plasmodium falciparum as well as their 
orthologs Plasmodium yoelii yoelii. We show that this method is more successful in detect-
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ing elements that correlate with mRNA expression than using just the co-expressed genes. 
An unexpected outcome of this research was that we found much more regulatory elements 
per upstream region than in Saccharomyces cerevisiae; a eukaryote with a similar number 
of genes. In conjunction with the small number of speciﬁc transcriptional regulators, this 
suggested that Plasmodium falciparum uses combinations of regulators to obtain diversity in 
expression patterns.
Network evolution
Graph theoreticians have shown that biological networks like many other networks often 
have a non-random topology. This means that distributing the interactions between genes 
randomly over all gene pairs would result in a very diﬀerent topology than the network 
topology that we observe, e.g. in metabolic networks. It has lead to the hypothesis that 
there may be selection pressure acting on the overall network topology (Fell and Wagner, 
2000; Jeong et al., 2001). We found that the S. cerevisiae co-expression network also had this 
non-random topology; it had a scale-free distribution of number of links per gene (Barabasi 
and Albert, 1999) and showed the ‘small-world’ eﬀect (Watts and Strogatz, 1998). However, 
biomolecular interactions are not distributed randomly but are inherited from the parent 
organism and may have some random changes due to mutations. Speciﬁcally, co-expression 
is a result of regulation by the same transcription factors and transcription factor binding 
sites that are inherited. We modeled the process of neutral evolution of gene regulation and 
derived ‘random’ co-expression networks. A wide class of parameter settings resulted in 
network topologies very similar to the real co-expression network. By parsimonious argu-
ments, we conclude that there is no selection pressure acting on the global network topology 
of the co-expression network. A more general conclusion is that phenomena the we observe 
in biology that seem non-random do not have to be favored by selection but may simply be 
the outcome of neutral evolution and the mechanisms of gene duplication. 
Outlook
Comparative genomics has moved from prokaryotes to eukaryotes and has therewith al-
lowed the prediction of gene regulatory elements and speciﬁc functional associations in 
these species. More and more functional genomics data and genome sequences have become 
and will become available. Not only more data, but also more diﬀerent types of data will 
become available as more techniques are developed. Most of the methods are established in 
yeast, but will be extended to other organisms and likely the quality of data will increase as 
biologists are getting more experienced with the techniques. The simple overlap of function-
al associations between and within organisms has proven to be useful to make the predicted 
associations more reliable. However, the ever increasing amounts of data allow and demand 
more creative ways of integration in the form of diﬀerential genomics to get reliability of 
predicted interactions in combination with speciﬁcity on the type of interactions. 
A pitfall of the post-genomic era, where it is possible to measure everything at the 
Summarizing discussion • 89
same time is that many genome-scale experiments are devised without a speciﬁc question 
in mind. With the sequencing of genomes, biologists have become a bit like stamp collectors 
and collect as much experimental data on their biological system as they can. In the end, the 
purpose of collecting all these data is the gain of biological understanding of the biological 
systems, but how this understanding can be reached is often not straightforward. Compara-
tive genomics has the same pitfall; although data integration can be useful, we should not 
just integrate everything with everything without a speciﬁc purpose. We should keep in the 
back of our minds or preferably in the front of our minds that the integration of genomics, 
functional genomics and proteomics data should lead to more understanding of the biology 
of the cell and the complete organism.
Within comparative genomics, this biological insight comes on the one hand from 
the discovery of gene functions and interactions, and on the other hand from studying 
the evolution of the interactions between genes. In this thesis, we have also paid atten-
tion to the aspect of evolutionary processes. For example, we found that there is signiﬁcant 
conservation of both co-expression and physical interactions between organisms and that 
networks that appear favored by selection can simply come about by neutral evolution. Still, 
much more can be learned. A study on modularity of biomolecular systems has shown that 
metabolic interactions are less well conserved than physical interactions (Snel and Huynen, 
2004). A question that remains is how the individual subunits of complexes and members 
of metabolic pathways diﬀer in their evolutionary stability. Can we identify core subunits 
that are always present and others that are more variable in their presence-absence pat-
terns? Another remaining question is how metabolic pathways, protein complexes and other 
biological systems evolve with respect to each other. We may be able to draw a parallel with 
co-occurrence of individual genes and study which pathways and complexes also tend to be 
absent and present together in diﬀerent organisms. The insight that will be gained by study-
ing the evolutionary processes will enhance the development of new comparative genomics 
methods for the reconstruction of complete biological systems.
Co-expression, physical interactions and regulatory interactions between pathways 
may also diﬀer from one organism to the other, depending on the life-style or requirements 
of the organism. They may even diﬀer within one organism, depending on environmental 
conditions, developmental stage or cell-type. Diﬀerential genomics may provide new insight 
into the variation that is present between diﬀerent organisms not only on the level of the 
individual gene but also on the level of whole pathways and complexes. In the near future, 
we will be able to study the presence and absence of these biological systems in time and in 
space as more and more techniques will be developed and applied in more diﬀerent organ-
isms. At the same time computational methods will have to be developed to analyze, inter-
pret and integrate all these new data that will not only consist of numerical data (like ex-
pression levels), but also more and more of visual data (like movies and photographs). Mass 
spectrometry methods will also produce more and more data concerning the levels of pro-
tein expression as well as levels of metabolites. The ﬁeld of comparative genomics will gain 
a whole new dimension by the integration of metabolomics with functional genomics and 
proteomics and potentially cell biology data that comes in the form of pictures and movies.
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Samenvatting voor iedereen
Voor de meeste van jullie is wat ik de afgelopen jaren heb gedaan niet veel duidelijker 
geworden dan ‘iets met genen’. In dit hoofdstuk wil ik voor iedereen wat duidelijker maken 
wat dat ‘iets’ nou eigenlijk inhield. De verzameling van alle genen van een organisme, 
noemen we het genoom. In de afgelopen tien jaar hebben biologen de complete genomen 
van zowel kleine parasieten als multicellulaire organismen zoals wijzelf in kaart gebracht. 
Een genoom bestaat uit hele grote moleculen DNA die we in blokjes onder kunnen verdelen. 
We hebben steeds een blokje fosfaat en een blokje suiker met daaraan een nucleotide. Dit 
patroon herhaalt zich miljoenen malen. Van de nucleotiden hebben we er vier. Binnen 
een gen (dat is dus een gedeelte van het genoom) bepaalt de speciﬁeke volgorde van 
deze nucleotiden welke eiwitten worden gevormd. De eiwitten zorgen er voor dat alle 
biochemische reacties in de cel plaatsvinden. Met het genoom zouden we dus een blauwdruk 
van een organisme in handen hebben en de verwachtingen van de genoom projecten 
waren dan ook hoog. Het bleek echter dat het kennen van de volgorde van de nucleotiden 
in de genomen, op zichzelf niet voldoende was om te begrijpen wat er zich binnen in de 
biologische cel allemaal afspeelde. Dit komt onder andere doordat we eigenlijk geen helder 
beeld hebben over hoe de genen samenwerken om het complete organisme te maken. 
Daarom zijn biologen begonnen met het op grote schaal verzamelen van informatie, zoals 
onder welke omstandigheden die genen eigenlijk afgeschreven worden om er eiwitten van te 
maken. Deze grootschalige data noemen we genomics data, omdat ze informatie geven over 
het hele genoom.
Een voorbeeld van genomics data is mRNA expressie. Een mRNA molecuul is een kopie 
van een gen, die de cel gebruikt om eiwitten te produceren. Vergelijk het met de bouw, 
een aannemer gaat niet met de blauwdrukken naar de bouwkeet maar neemt een kopie 
mee zodat de originelen intact blijven. Zodra er voldoende eiwit af is, worden de kopietjes 
weggegooid. Op het moment dat er weer nieuw eiwit aangemaakt moet worden, worden er 
nieuwe kopieën gemaakt. Aan de aantallen kopieën van genen die aanwezig zijn in de cel, 
kunnen we aﬂezen welke eiwitten er op dat moment geproduceerd worden. Al in de eerste 
experimenten die mRNA kopietjes (expressie noemen we dat) maten vond men dat veel 
eiwitten die betrokken waren bij hetzelfde proces, vergelijkbare expressie niveaus hadden 
tijdens een celdeling. 
We kunnen cellen ook manipuleren, bijvoorbeeld door het dieet aan te passen. Na het 
weglaten van een bepaalde bouwstof, kunnen we meten van welke genen hun expressie 
veranderd is. Van deze genen verwachten we dat ze betrokken zijn bij de aanmaak van deze 
bouwstof. Dit is al één manier om achter de functie van onbekende genen te komen. Een 
andere methode om de cel te manipuleren is door een bepaald gen uit het genoom weg te 
halen door gentechnologie. Nu is het niet meer gelijk bekend waar de genen die hun expres-
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sie veranderen bij betrokken zijn maar het is wel mogelijk om groepen van genen te identi-
ﬁceren die steeds op dezelfde manier reageren op het weghalen van verschillende genen. Als 
het nu van een gen al bekend was wat het deed, kunnen we zeggen dat de andere genen van 
de groep waarschijnlijk bij hetzelfde proces betrokken zijn. 
Nu hebben biologen heel veel genomics data verzameld over de expressie van alle genen 
op mRNA- maar ook op eiwit-niveau en alle deze data willen we natuurlijk gebruiken om iets 
te kunnen zeggen over de functies van al die onbekende genen. In dit proefschrift heb ik me-
thoden ontwikkeld die data over genen uit hetzelfde organisme, maar ook uit verschillende 
organismen samenbrengen. Bijvoorbeeld als twee genen steeds tegelijkertijd tot expressie 
komen in gist maar ook in worm is het heel waarschijnlijk dat de gecodeerde eiwitten direct 
aan elkaar binden of dat ze samen een biologische rol vervullen. Ook heb ik verschillende 
soorten data bij elkaar gebracht om achter de functies van onbekende genen te komen. Het 
resultaat van het combineren van verschillende data, is dat de voorspelde functionele rela-
ties veel betrouwbaarder zijn dan als we maar een enkele dataset gebruiken. Ook hebben we 
laten zien dat door verschillende data handig te combineren, we kunnen voorspellen of de 
gecodeerde eiwitten echt aan elkaar binden of dat ze samen in een proces hun functie ver-
vullen. Het is belangrijk om de type relatie tussen eiwitten te speciﬁceren, zodat er speciﬁe-
ke experimenten opgezet kunnen worden om te veriﬁëren dat de relatie ook daadwerkelijk 
bestaat.
De groepen genen met gezamenlijke expressie-proﬁelen kunnen we ook nog ergens 
anders voor gebruiken. Genen worden bestuurd door regulerende eiwitten. Deze eiwitten 
binden aan het genoom, in de buurt van waar het gen gecodeerd is, en kan op deze manier 
beïnvloeden of het gen tot expressie komt. Ieder regulerend eiwit bindt aan een eigen spe-
ciﬁeke volgorde van nucleotiden. In groepen genen met hetzelfde expressie-proﬁel in de 
malaria parasiet zijn we gaan zoeken naar combinaties van nucleotiden die in de buurt van 
alle genen van de groepen voorkwamen om er zo achter te komen, welke plekken in het 
genoom belangrijk zijn voor de regulatie van deze genen. We hebben daarbij niet alleen naar 
de omgeving op het genoom van de genen zelf hebben gekeken, maar tegelijkertijd naar de 
omgeving van dezelfde genen in het genoom van een andere malaria parasiet die knaagdie-
ren infecteert. Van de stukjes genoom die belangrijk zijn voor de regulatie, verwachten we 
namelijk dat ze ook aanwezig zijn in het verwante organisme. Van de stukken genoom die 
minder belangrijk zijn omdat de speciﬁeke volgorde van de nucleotiden geen functie heeft, 
verwachten we dat ze niet bewaard zijn gebleven maar veranderd door mutaties. Door naar 
twee verwante organismen tegelijk te kijken, hebben we speciﬁeke combinaties van nucleoti-
den gevonden die belangrijk zijn voor gen-regulatie in de malaria parasiet. Welke reguleren-
de eiwitten eraan binden en hoe de regulatie in zijn werk gaat, moet nu onderzocht worden.
We kunnen concluderen dat genomics data zeer nuttig is om inzicht te krijgen in de 
functies van genen en in de relaties tussen genen. Het combineren van verschillende typen 
data en data uit verschillende organismen is essentieel om hoogwaardige voorspellingen 
te kunnen doen over nieuwe relaties. Genomics data kan verder gebruikt worden om meer 
inzicht te krijgen in de regulatie van genen. Verder zal het ontwikkelen van methoden om 
genomics data te analyseren nodig blijven, omdat er steeds meer nieuwe en nieuwe soorten 
data geproduceerd worden.  
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In het voorjaar van 2001 deed ik een onderzoeksproject bij David Ussery aan de Deense 
Technische Universiteit vlakbij Kopenhagen. Het instituut organiseerde in dat jaar ISMB, 
een van de grootste bioinformatica conferenties ter wereld. Tijdens deze conferentie pre-
senteerde ik een poster over gen-annotatie in E. coli, waar onder andere Frank van Encke-
vort langskwam om het over mijn project te hebben; hij vertelde dat hij in Nijmegen bij het 
Centrum voor Moleculaire en Biomoleculaire Informatica werkte. Het leek mij de moeite 
waard om te onderzoeken of ik daar kon promoveren. Dus nam ik contact op met Gert 
Vriend van het CMBI en mocht een presentatie komen houden over mijn stage-project. Na 
gesprekken met zowel Martijn Huynen als Roland Siezen, besloot ik om bij de eerste onder-
zoek te gaan doen. Vanaf maart 2002 zaten we met zijn drieën op een kamer; Toni, Martijn 
en ik. Dat beviel uitstekend, want de samenwerking en de begeleiding was op deze manier 
zeer intensief. Martijn, als promotor heb ik heel veel aan jou gehad. Een paar keer per week  
vragen naar de resultaten is voor mij een goede stimulans geweest. Je vroeg vaak aan het 
eind van de dag nog de laatste versie van een manuscript om er ‘s avonds of in het weekend 
nog even naar te kijken. Verder was jij kritisch op momenten dat ik de resultaten eigenlijk al 
zeer veelbelovend vond. Ik wil jou dan ook als eerste heel erg bedanken. Toni, bedankt voor 
alle bomen. Toen de groep begon te groeien, verhuisde ik naar een kamer met Bas en Berend 
en dit beviel ook weer uitermate goed. We voerden ‘vrijdagmiddag-gat-in-de-markt’ in, maar 
helaas zonder enig resultaat. Wel waren we erg goed in het brainstormen over het onderzoek 
zelf, en de co-auteurschappen vooral samen met Berend zijn het bewijs dat dit nog eﬀectief 
was ook. Daarnaast kletste ik natuurlijk ook gewoon veel te veel, dus heel veel dank voor het 
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En dan zijn er alle vrienden. De eerste twee jaar van mijn promotie woonde ik nog in 
Utrecht en speelde bij het Utrechtsch Studenten Concert. De muziek is voor mij enorm be-
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de mooie (en soms ook minder mooie) muziek die we samen gemaakt hebben, de jaarlijkse 
tournees en de honorairen-installaties waar ik hier verder geen details over zal verstrekken. 
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contact, ondanks dat ik daar niet het meest actief in ben geweest, en vooral voor de vrien-
dinnenweekenden die we de laatste jaren hebben ingevoerd. Ik zie uit naar de dag dat de 
tijdscapsule open mag. Krokodil!  
Daarnaast wil ik natuurlijk mijn ouders bedanken voor het altijd voor mij klaar staan, 
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